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Abstract

Estimation and prediction of battery state of health (SOH) are critical to ensuring opera-

tional safety and reliability. Due to complex degradation mechanisms and the limitations

of measurement techniques in real-world environments, accurate SOH estimation and

prediction remain challenging. This thesis begins with a review of health diagnosis and

prognosis approaches in the battery literature, focusing on two problem settings: battery

lifetime prediction and SOH estimation.

For battery lifetime prediction, a hierarchical Bayesian regression model is proposed

and thoroughly evaluated. The approach is motivated by the observed variation in the

relationship between extracted health features and lifetime labels under different aging

conditions. Health features are categorized into two groups: individual cell-level features

(reflecting intrinsic variability across cells) and population-level features (capturing the

influence of cycling conditions on the average behaviour of the population). It is shown

how this relationship can be explicitly modeled through a hierarchical dependency

between these two types of features. The proposed method is validated using a public

dataset consisting of cells subjected to fast-aging experiments, as well as a self-tested

dataset that covers more realistic and diverse cycling conditions.

For state of health estimation, an aging-aware equivalent circuit model is proposed

that combines the flexibility of data-driven methods with a model-based framework.

Gaussian process regression is used to include parameter dependencies on operating

conditions and lifetime for the equivalent circuit model. Both capacity and resistance

are estimated from operational data without requiring ground-truth labels. The close

relationship between the estimated resistance function and aging-induced changes of the

open circuit voltage curve allows further estimation of degradation modes. Results from

114 battery packs deployed in off-grid solar systems indicate resting at high voltage will

accelerate battery aging. Robust state of heath estimation for large fleets of field-deployed

batteries enables a deeper understanding about how customer usage profiles influence

battery degradation, which in turn has the potential to inform optimized operational

strategies to prolong battery lifetime.
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Nomenclature

Acronyms and Abbreviations

LIB . . . . . . . . . . . Lithium-ion battery

LFP . . . . . . . . . . . lithium iron phosphate graphite

NMC . . . . . . . . . . Nickel manganese cobalt oxides
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EV . . . . . . . . . . . . Electric vehicle

OCV . . . . . . . . . . Open circuit voltage

SOC . . . . . . . . . . State of charge

SOH . . . . . . . . . . State of health

SOE . . . . . . . . . . . State of energy

SOP . . . . . . . . . . . State of power

BoL . . . . . . . . . . . Beginning of life

EoL . . . . . . . . . . . End of life

RUL . . . . . . . . . . Remaining useful lifetime

EIS . . . . . . . . . . . Electrochemical impedance spectroscopy

HPPC . . . . . . . . . Hybrid pulse power characterization

GITT . . . . . . . . . Galvanostatic intermittent titration technique

CCCV . . . . . . . . . constant current constant voltage

RPT . . . . . . . . . . . Reference performance test

DoD . . . . . . . . . . . Depth of discharge

EoC . . . . . . . . . . . End of charge
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EoD . . . . . . . . . . . End of discharge

EFC . . . . . . . . . . . Equivalent full cycle

ECM . . . . . . . . . . Equivalent circuit model

ESC . . . . . . . . . . . Enhanced self-correcting cell

EM . . . . . . . . . . . Electrochemical model

P2D . . . . . . . . . . . Pseudo-2-dimensional

SPM(e) . . . . . . . . Single particle model (with electrolyte)

ENR . . . . . . . . . . Elastic net regression

RF . . . . . . . . . . . . Random forest

SVM . . . . . . . . . . Support vector machine

SVR . . . . . . . . . . . Support vector regression

GPR . . . . . . . . . . Gaussian process regression

ARD . . . . . . . . . . Automatic relevance determination

WV . . . . . . . . . . . Wiener velocity

NN . . . . . . . . . . . . Neural network

RLS . . . . . . . . . . . Recursive least squares

LSTM . . . . . . . . . Long short-term memory

HBM . . . . . . . . . . Hierarchical Bayesian regression model

MCMC . . . . . . . . Markov chain Monte Carlo

DV . . . . . . . . . . . . Differential voltage

IC . . . . . . . . . . . . . Incremental capacity

LLI . . . . . . . . . . . Loss of lithium inventory

LAM . . . . . . . . . . Loss of active material
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NLML . . . . . . . . Negative log maximum likelihood

LTI . . . . . . . . . . . linear time invariant
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𝑉0 . . . . . . . . . . . . . Open circuit voltage

𝑉term . . . . . . . . . . Terminal voltage

𝑧 . . . . . . . . . . . . . . State of charge

𝑄−1(.) . . . . . . . . . Inverse capacity

𝐼 . . . . . . . . . . . . . . Applied current

Gaussian process

F . . . . . . . . . . . . . . Continuous-time state transition matrix

K . . . . . . . . . . . . . Gramian matrix

P . . . . . . . . . . . . . . State covariance matrix

W . . . . . . . . . . . . . Process noise covariance matrix

Qc . . . . . . . . . . . . Spectral density matrix

X . . . . . . . . . . . . . Training input
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1 | Introduction

1.1 Battery state of health

Lithium-ion batteries (LIBs) are playing an increasingly important role in the modern

energy industry. On one hand, LIBs are widely used in decentralized solar-battery

systems across the developing world to provide local families with affordable energy

[5]. On the other hand, battery energy storage systems (BESSs) are essential for grid

stability and frequency regulation, especially with the growing integration of renewable

energy sources such as solar and wind [6, 7]. Additionally, LIBs with high energy

density and long cycle life have enabled the rapid development of the electric vehicle

(EV) industry [8], contributing to the reduction of fossil fuel consumption and associated

CO2 emissions.

The deployment rate of LIBs across all applications depends on their cost-effectiveness,

safety, and reliability. These factors heavily rely on accurate knowledge of the battery’s

state of health (SOH). Accurate SOH estimation allows for preventative maintenance,

which in turn improves customer experience and supply chain management. Further-

more, with reliable SOH estimation, the battery management system (BMS) can im-

plement health-aware control strategies to prolong battery life [9], potentially reducing

over-engineering and lowering overall costs. Moreover, second-life applications for

LIBs—such as second-hand EV pricing—become more viable, as SOH estimates serve

as key indicators of remaining battery value. Finally, SOH estimation using real-world

data enables population-level battery health analyses that map usage conditions to cor-

responding battery degradation patterns, providing valuable insights for next-generation

battery design.

The SOH of a battery describes its ability to deliver energy and power relative to either its

beginning-of-life (BoL) condition or manufacturer specifications. Two commonly used

metrics for SOH are discharge capacity and internal resistance [10]. Battery degradation

over time and usage leads to capacity fade and increased resistance. Generally, for ap-

plications where available energy is critical—such as electric vehicles (EVs)—capacity
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is used to characterize SOH [11]. In contrast, in applications where power performance

is more important—such as hybrid electric vehicles (HEVs) and grid frequency regula-

tion—resistance is commonly used as the SOH metric [12]. Battery energy and power

performance are also influenced by operating conditions. To tackle the needs for differ-

ent applications, SOH metrics can be categorized into charge-based, energy-based and

power-based SOH [13, 14, 15]. The most intuitive one is charge-based SOH, which

measures how much charge (in ampere-hours, Ah) the battery can store relative to its

nominal capacity.

SOHcharge =
𝑄measured
𝑄nominal

× 100% (1.1)

The energy-based SOH considers not just the charge, but total energy output (in the

unit of watt-hour). Sometimes, even the battery still holds nearly same charge, a lower

discharge voltage curve can reduce total energy output. It is defined as,

SOHenergy =
𝐸measured
𝐸nominal

× 100%, 𝐸 =

ˆ
𝑇

𝑉 (𝑡) · 𝐼 (𝑡)𝑑𝑡 (1.2)

where𝑇 means the whole discharging time period between given lower and upper voltage

limits. The power-based SOH measures the maximum deliverable power relative to the

original power capability. It is often used to describe how fast the battery can be chagred

or discharged safely.

SOHpower =
𝑃max , measured

𝑃max , nominal
× 100%, 𝑃max =

𝑉2

𝑅internal
(1.3)

Since the internal resistance 𝑅internal may varies under different operation condition,

𝑃max can also be experimentally measured under standardized load conditions. In this

thesis, if without special explanation, SOH refers to the charge-based SOH definition.

An important concept related to SOH is end of life (EoL), which is typically defined

by specific thresholds, such as capacity decreasing to 80% of the BoL value or resis-

tance doubling. The remaining useful lifetime (RUL) is then defined as the number of
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charge/discharge cycles (or full equivalent cycles) remaining before reaching EoL.

Both capacity and resistance can be relatively easy to measure under laboratory condi-

tions [16]. Capacity is typically measured using the Coulomb-counting method during

a galvanostatic-discharge experiment. Internal resistance can be measured through vari-

ous methods, including electrochemical impedance spectroscopy (EIS) and hybrid pulse

power characterization (HPPC). Resistance is also known to be highly dependent on the

battery operating conditions, such as SOC level and temperature [17]. Unlike routine

cycling, these experiments require specific test profiles or specialized equipment and are

often regarded as standard ‘reference performance tests’ (RPTs).

Many high-quality, publicly available datasets exist that contain laboratory-generated

aging data for lithium-ion batteries (LIBs) [18]. Periodic RPTs are conducted in these

datasets to obtain ground-truth values for capacity and resistance. However, in real-world

applications, RPTs are rarely feasible due to the need to interrupt normal operation and

the time-consuming nature of such tests. Therefore, capacity and resistance typically

need to be estimated or predicted rather than directly measured.

This thesis discusses two major problems related to battery SOH. First: given historical

usage data and assuming a fixed future usage condition, what is the EoL or RUL point?

This corresponds to the topic of battery lifetime prediction. When the historical usage

data covers only the initial 5–10% of the battery’s lifetime, the problem is often referred to

as lifetime early prediction. Second, given present cycling data, what is the current SOH?

This pertains to the topic of battery SOH estimation. When cycling data is available

across the entire lifetime, it is also possible to estimate the full SOH trajectory. These

two problems are closely related, as historical SOH estimates can be used to extrapolate

and predict future EoL or RUL. In the remainder of this chapter, state-of-the-art methods

for both lifetime prediction and SOH estimation are reviewed.

1.2 Methods for lifetime prediction

The problem of battery lifetime prediction can be framed as a regression task, where

selected health indicators (features extracted from cycling data) are mapped to corre-

3



Voltage

Current

Temperature

Feature engineering 

by domain knowledge 

Feature engineering 

by autoencoder

Elastic net

Machine learning methods

Regression modelsCycling data

EoL
RUL

Random forest

Support vector
regression

Gaussian process

Neural networks

CNN RNN

Deep learning models

LSTMGRU

regression

Transformer

Figure 1.1: Schematic of methods for lifetime prediction. Health features are extracted
from cycling data either by domain knowledge or with a neural-network autoencoder.
These features serve as inputs to regression models to get EoL/RUL predictions.

sponding EoL or RUL labels. Therefore, health feature extraction and the development of

regression models are the two main research directions. Several reviews [19, 20, 21, 22]

have summarized the challenges and existing methods for EoL/RUL prediction. As

previously mentioned, EoL/RUL predictions can also be obtained by extrapolating SOH

estimates into the future. In such cases, techniques for SOH estimation (rather than pre-

diction) become more important, and these are primarily discussed in Section 1.3. To

avoid redundancy, this section focuses only on methods that directly map health features

to EoL/RUL. Fig. 1.1 briefly outlines the logic flow for battery lifetime prediction. The

feature engineering and regression models parts are discussed in detail below.

1.2.1 Health features

The most intuitive input features are the raw cycling signals, i.e., the applied current,

terminal voltage, and temperature. Raw data is usually recorded at a much higher

frequency than the timescale over which battery degradation occurs. In addition, a

considerable amount of noise may exist in the raw signals. Thus, it is relatively difficult
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to directly map raw cycling signals to corresponding EoL/RUL points. These signals are

often passed through encoders [23] (e.g., neural network models [24]), where the inputs

are transformed and optimized for EoL/RUL prediction.

Alternatively, representative features can be extracted from raw signals using domain

knowledge of battery degradation. From the terminal voltage curve, multiple features

have been proposed [19, 21], such as the voltage drop from pulse tests, relaxation time

during the constant voltage stage, and the slope of the voltage curve under constant

current. Research by Baumhöfer [25] describes a lifetime prediction model for 48 cells

cycled under identical conditions. This model uses 24 early-life features (extracted from

impedance spectra, pulse tests, and standard capacity tests), and accurate predictions

were observed within just 16 cycles. However, further analysis showed that the model’s

accuracy was highly dependent on the number of features used, suggesting overfitting

on the small dataset (i.e., 48 cells).

More recently, the discharge capacity vs. voltage (𝑄(𝑉)) curve has gained increasing

attention. Severson et al. [26] proposed an early-life prediction model using features

derived from the 𝑄(𝑉) curve. These features quantify the degradation rate by tracking

the variation of the 𝑄(𝑉) curve between cycles 10 and 100. Alongside the paper, a

fast-aging battery dataset consisting of 124 lithium iron phosphate/graphite (LFP) cells

was published. A follow-up study by Attia et al. [27] expanded the dataset to include

169 LFP cells cycled under 61 different fast-aging conditions. Many subsequent works

have been based on this dataset, aiming to improve predictive performance and feature

extraction techniques [28, 29, 30]. For example, in the work by Greenbank et al. [28],

the time ratio spent in certain voltage windows is shown to correlate strongly with aging,

enabling accurate EoL predictions.

Features not directly related to voltage—such as the number of cycles (or full equivalent

cycles), Ah throughput, average surface temperature, and the rate of capacity drop—are

also reported in the literature. Paulson et al. [31] provided a systematic feature engi-

neering study that extracted features ranging from simple (e.g., changes in capacity and

Coulombic efficiency) to more sophisticated (e.g., locations and magnitudes of 𝑑𝑄/𝑑𝑉

and 𝑑𝑉/𝑑𝑄 peaks), as well as parameters of equivalent circuit models (ECMs) fitted to
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cycling data.

Alexis et al. [32] highlight the importance of classifying features based on whether they

encode the influence of cycling conditions. Using the dataset published by Severson

et al. [26], they show that features capturing cycling conditions significantly boost

model performance. However, they also caution that such models may not generalize

well to batteries undergoing identical cycling, as they primarily capture protocol-to-

protocol variability rather than cell-to-cell variability. Similar arguments are presented

by Zhou et al. [1], where health features are categorized as either individual-level or

condition-level. The dependency between these two groups of features is explicitly

modeled using a hierarchical Bayesian regression approach, enabling improved out-of-

distribution prediction.

1.2.2 Regression methods

Various kinds of regression models have been proposed for lifetime prediction, including

elastic net model [26], random forest [33], support vector regression [34], Gaussian

process regression [35], and neural network models [36, 37].

Elastic net regression (ENR) is a regularized method that linearly combines penalties

from both Lasso (L1) and Ridge (L2) techniques. It is particularly useful for handling

high-dimensional data (i.e., many features) with multicollinearity. Severson et al. [26]

used an elastic net model to map health features from early-life cycling (the first 100

cycles) into EoL cycle numbers. The model performance was evaluated using three

different feature sets with increasing numbers of features. Using only a single powerful

feature (the log variance of 𝑄(𝑉) curve differences between cycles 10 and 100), the

model achieved an average percentage error of 11% on test samples. With additional

features related to capacity fade and temperature, the performance improved to an average

percentage error of 9.1%.

Random forest (RF) models are a typical ensemble approach that aggregates the predic-

tions from multiple decision trees. A decision tree is itself a non-parametric supervised

learning method, which recursively split the dataset into subsets based on feature values,
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forming a hierarchy of decision nodes that ultimately lead to prediction outcomes at the

leaf nodes. In an RF, each tree is trained on a different random subset of features and

input samples. By introducing such randomness, the RF is able to increase the diversity

of decision trees and thus capture more patterns in the data with more robustness to

overfitting. Niankai et al. [33] investigates the RUL prediction under partial charge and

discharge with a limited degradation history. The RF is adopted to help prioritize differ-

ent measurements and identify the least amount of operating data required for accurate

RUL prediction. It is found the voltage signal between SOC range of [0.1, 0.2] contains

the richest RUL-related information.

Support vector regression (SVR) adapts the principles of support vector machines (SVM)

to regression tasks. It performs nonlinear regression by transforming the problem from

a low-dimensional space to a high-dimensional space where it becomes linear. SVR

approximates target values within an acceptable error margin. Meru et al. proposed a

two-stage approach for RUL prediction [34]. In the first stage, SVM is used to achieve

a coarse RUL classification based on features from discharge cycles. Depending on the

number of completed cycles, this classification divides cells into 4 groups. In the second

stage, SVR is adopted to achieve accurate prediction of RUL for those cells belonging

to the group D with a relatively large number of cycles.

Gaussian process regression (GPR) is a Bayesian non-parametric approach. Instead of

assuming a specific function form, GPR defines a prior over functions, and updates it

to a predictive posterior after observing data. The kernel function measures similarity

between inputs and defines the shape and smoothness of the model outputs [38]. Different

choices of kernels for lifetime prediction are analyzed in the work of Richardson [35]. An

additive kernel consisting of Matérn 3/2 and Matérn 5/2 kernels was reported with the best

performance on SOH prediction. GPR has also been used to build the mapping between

EIS spectra and RUL in the work of Yunwei et al [39]. Specifically, 20,000 EIS spectra

of commercial Li-ion batteries were collected at different SOH, SOC and temperatures.

GPR took the entire spectrum as input, and automatic relevance determination (ARD)

enabled the finding of two important frequencies in the dataset out of 120 possibilities

in the range of 0.02 Hz-20 kHz.
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Thanks to the universal fitting ability of neural networks, as well as the fast development

of model training techniques, neural network (NN) models are widely used for battery

lifetime prediction. Ji Wu et al [36] implemented a fully-connected NN model to learn

the relationship between the charge curve and corresponding RUL. In the work of Ning

He et al. [37], graphical features were extracted from the 𝑄(𝑉) curve, and a CNN model

used to build the mapping between graphical features and corresponding RUL values.

NN can also be used as an autoencoder for dimension reduction of features, generating

more representative features [40].

All of the reviewed models in this section are ‘supervised learning’ methods, and this

requires a sufficient amount of labeled data for model training. However, the model

performance may deteriorate when predicting on batteries that undergo aging conditions

different from those seen in the training data [20].

1.3 Methods for SOH estimation

The objective of SOH estimation is to provide a reliable diagnosis of the current battery

health state from available measured data, i.e. terminal voltage, applied current and

surface temperature. The granularity of these measurements may vary depending on

sensors and applications. Reliable SOH estimation throughout battery usage is often a

prerequisite for accurate RUL prediction.

Several reviews [41, 42] have summarized existing methods for SOH estimation. Most

of them classify these methods into two categories: model-based and data-driven ap-

proaches. Fig. 1.2 briefly summarizes these methods following this common catego-

rization. Both types of methods are discussed in detail below:

1.3.1 Model-based SOH estimation

Model-based battery SOH estimation employs a model to describe the input–output be-

haviour of a battery. The parameters of the model reflect the current SOH of the battery.

Therefore, SOH estimation becomes a parameter identification problem. Repeated iden-

tification of model parameters enables tracking of battery degradation over its lifetime.
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Figure 1.2: Schematic of SOH estimation approaches. The literature commonly divides
these methods into model-based and data-driven categories. The key difference between
the two is that model-based approaches employ explicit models for battery dynamics,
whereas a data-driven framework uses regression models to map extracted features
directly to SOH estimates. When full cycling data is available, both approaches can be
used to reconstruct the entire SOH trajectory across the battery’s lifetime.
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Two main types of battery models are commonly used in the literature: equivalent circuit

models (ECMs) and electrochemical models (EMs).

Due to their simplicity and computational efficiency, ECMs are the most commonly

used battery models in the literature [43, 44, 45, 46, 47]. Ideal circuit elements—such

as voltage sources, resistors, inductors, and capacitors—are used to approximate the

electrical behaviour of the battery. Coupled thermal models have also been incorporated

into ECMs to describe heat generation during cycling [48]. Depending on the number of

included circuit elements, 2-3 ordinary differential equations are typically formulated to

describe battery dynamics. Fig. 1.3 shows the model structure for three commonly used

ECMs. The simplest ECM is the ‘Rint’ model, consisting of only a voltage source and a

pure Ohmic resistance, which captures only instantaneous voltage drops. By including

one RC pair to describe transient voltage behaviour, the Thevenin model has become one

of the most widely adopted ECMs. Two or more RC pairs can be introduced to capture

multiple electrochemical processes occurring at different timescales. The enhanced self-

correcting cell (ESC) model proposed by Plett [49] further includes a hysteresis voltage

term to model the voltage lagging behaviour under current direction switches.

Twelve types of ECMs were summarized and analyzed in the comparative study by

Xiaosong et al. [50]. Although ECMs are relatively easy to parameterise, they often

perform poorly when applied to operating conditions different from those under which

they were calibrated. Gómez [51] highlighted that the temperature and SOC dependence

of circuit parameters may vary by an order of magnitude, which can cause significant

performance degradation if not correctly accounted for. Smiley [52] similarly pointed

out that ECMs do not extrapolate well to operating conditions outside their training

range.

Derived from first principles, EMs consider the actual electrochemical reaction processes

in batteries, including solid-phase diffusion, liquid-phase diffusion, migration, and more.

These models consist of coupled sets of partial differential equations that describe

thermodynamics, reaction kinetics, and transport processes in electrodes, the electrolyte,

and their interfaces. The pseudo-2-dimensional (P2D) model framework, proposed by

Doyle, Fuller and Newman [53, 54], is the current gold standard EM for battery modeling.
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Figure 1.3: Schematic of different kinds of ECMs. (a) Rint (b) Thevenin (c) ESC.

It models battery geometry in two dimensions: one representing the macro-scale across

battery thickness (x-direction) and another representing the micro-scale within porous

electrodes (radial direction). The fully spatially resolved P2D model for Li-ion batteries

consists of a system of non-linear partial differential equations, enabling detailed insights

into the physical processes occurring during cycling. Since the parameters of the P2D

model have direct physical interpretations, it can accurately predict voltage responses

over a broad range of operating conditions.

However, the complexity and high computational cost of parameterising the P2D model

are major limitations [55], which has driven significant research into simplified versions

that retain sufficient accuracy [56]. The single-particle model with electrolyte (SPMe)

is a widely used reduced-order version of the P2D model [57]. Assuming isotropy in

the electrodes, it represents each porous electrode as a single representative particle.

If electrolyte dynamics are further neglected, the SPMe reduces to the single-particle

model (SPM) [58], which is the simplest EM for LIBs. A 4000-fold reduction in compu-

tational time for the SPM compared with the full P2D model has been reported in [59].

However, because the SPM ignores the Li+ concentration and potential distributions in

the electrolyte phase, it is generally only valid for low charge/discharge rates up to 1 C

(1 C corresponds to fully charging or discharging a battery in one hour). For high C-

rate charging/discharging, the model accuracy may become unacceptable. Nevertheless,

studies have shown that the SPM can provide accurate voltage responses at rates up to

about 4 C–6 C [60].
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State dynamics:
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Parameter dynamics:
𝑑𝜃𝜁
𝑑𝜁

= 𝑓𝜃 (𝜃𝜁 )

Update at the same scale:
𝑡 = 𝜁, 𝑒𝑡 = 𝑒𝜁

Update at different scales:
𝑡 ≠ 𝜁, 𝑒𝑡 ≠ 𝑒𝜁

State feedback:
𝑧𝑡 = 𝑧𝑡 + 𝐿𝑧,𝑡𝑒𝑡

Parameter feedback:
𝜃𝜁 = 𝜃𝜁 + 𝐿𝜃,𝜁𝑒𝜁

Joint estimation
Dual estimation

Figure 1.4: Schematic for recursive co-estimation of model states and parameters. The
literature commonly divides these methods into joint and dual estimation. For joint
estimation, states and parameters are propagated and update at the same scale. In dual
estimation, states and parameters are estimated separately under different timescales.

Parameter identification for battery models involves finding an optimized parameter

set that minimizes a cost function (e.g., least squares) against measurements, typically

terminal voltage. With known SOC values, the recursive least squares (RLS) method and

its variants are classic online parameter identification techniques for ECMs [61, 45]. Plett

[62] proposed a recursive weighted total least squares method for capacity estimation

that accounts for noise in both SOC and voltage measurements. However, in real-world

applications, SOC, as a state of the ECM, also needs to be estimated from data. In this

case, co-estimation of both model states and parameters becomes necessary.

The workflow for co-estimation involves recursively propagating a state-space model—–

defined by the battery model–—forward through time-series data, while using error

feedback to adaptively update both the states and parameters. Figure 1.4 schematically

summarizes this process. Depending on whether updates of states and parameters are

under the same time scale, two estimation paradigms are commonly used to achieve

co-estimation of model states and parameters. One is joint estimation [63, 45], which

combines states and parameters into an augmented state vector. A single nonlinear

Kalman filter is then employed to estimate both states and parameters simultaneously.
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Although joint estimation is straightforward to implement, it suffers from poor numerical

conditioning due to the vastly different timescales of states and parameters [49].

The other is dual estimation [43, 64], which estimates states and parameters separately.

Different timescales can be applied for states and parameters. However, dual estimation

may be more numerically stable by time scale separation. Any cross-correlations between

states and parameters are lost due to the decoupling of their dynamics [49]. In both

joint and dual estimation methods, parameter dynamics are often modeled as a random

walk process. There is no built-in guarantee that parameter estimates will converge to

physically meaningful values, especially with poor initial guesses [64]. The limitations

of field data—such as low resolution, missing data, and high sensor noise—further

threaten the convergence and accuracy of SOH estimation using model-based methods.

1.3.2 Data-driven SOH estimation

Without explicitly modeling battery dynamics, data-driven methods regards SOH esti-

mation as a regression task. The aim is to build a mapping between operational data

(or features extracted from operational data) and SOH labels (often capacity). As bat-

tery degradation is a complex path-dependent process [65, 66], data-driven approaches

have become increasingly popular due to the flexibility and ease of model parameteri-

zation—especially since model-based methods can be difficult to parameterize and may

become overly complex when incorporating multiple interacting mechanisms [67].

Note that data-driven SOH estimation shares a very similar regression problem setup to

the topic of battery lifetime prediction discussed in Section 1.2. The only distinction

is that features are mapped to SOH labels rather than EoL/RUL labels. Therefore, the

regression models discussed in Section 1.2.2 can also be used for data-driven SOH

estimation. The discussion of feature extraction, which has already been covered, is not

repeated here.

The first category of regression methods consists of empirical models. Usually, specific

function forms, such as exponential [68] and polynomial functions [69], are used to

build empirical aging models. These predefined functions map health features to SOH
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metrics, while the coefficients of the function are learned from data. In the work of

Wang et al. [70], a power-law function is used to describe the relationship between

capacity loss and cycling time. The model is trained on cycling data across a range of

temperatures (-30 to 60 ◦C), depths of discharge (10-90 %) and discharge rates (C/2 to

10C). Both calendar and cycling aging are modeled with exponential functions in the

work of Petit et al. [71].

Machine learning regression models—such as the previously mentioned ENR, RF, GPR,

and NN—are also used for SOH estimation. Each technique has its strengths and

weaknesses in terms of robustness, computational cost, and model storage requirements,

which are important considerations when models need to be adaptively retrained over

battery lifetime [72]. Viewing feature evolution and capacity fade as time series, more

sophisticated deep learning models have also been implemented [73, 74]. Li et al. [73]

proposed an online capacity estimation approach based on a recurrent neural network

with long short-term memory (LSTM) cells. Voltage–time sensor data from the partial

constant-current phase of the charging curve is used as input, reflecting the availability

of real-world signals. Jingyuan et al. [74] developed a specialized deep learning model

for SOH estimation using transfer learning. Specifically, a transformer model with a

multi-head ProbSparse self-attention mechanism is employed.

Data-driven models have shown strong performance on laboratory-generated datasets.

However, their generalization ability to other datasets remains uncertain, particularly

those involving batteries under previously unseen aging conditions. The mapping be-

tween health features and corresponding SOH may vary significantly across different

usage scenarios. Since models are often trained on data from accelerated aging tests,

their performance may degrade when applied to real-world observations. To improve

model reliability, extensive sets of degradation experiments are needed to train data-

driven models, which is often impractical. Moreover, the path-dependent nature of

battery aging [66] further exacerbates this problem.
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1.4 Thesis outline

This thesis is presented in an integrated format, consisting of five chapters that together

provide a coherent narrative. Chapter 1 serves as the overall introduction. It includes a

background description of the thesis topic through a comprehensive review of existing

literature and remaining challenges.

Chapters 2–4 are research chapters, each categorized by a different topic. These chapters

are based on papers published (or prepared) during the doctorate. Each chapter includes

one or two self-contained papers grouped under the same research theme. A preface

section is included at the beginning of each research chapter to better integrate the papers

into the overall thesis structure.

In Chapter 2, the problem of battery lifetime early prediction is addressed. A hierarchical

Bayesian regression model (HBM) is proposed in my first work [1] and validated on a

publicly available fast-aging battery dataset. The core idea involves categorizing early-

life features into two groups: individual cell-level features (reflecting intrinsic variability

across cells) and population-level features (capturing the influence of cycling conditions

on the average behaviour of the population). We extracted the ’SOC-average’ charging

C-rate as the population-level feature, which is related to the total ohmic heat generation

during charging period. Individual-level features were extracted from the 𝑄(𝑉) curve

variation between cycles 10 and 100. The mapping between individual cell features and

target labels (i.e. capacity) can vary under different cycling conditions, as determined

by population-level features. The HBM is employed to capture this within-features

dependency and enable accurate lifetime early prediction. The novel contributions of

Chapter 2 are listed below:

• We proposed a new idea to categorize health features into two groups: cell-

level and population-level features, reflecting inherent hierarchical structure within

battery aging data.

• We first built a HBM for the problem of battery lifetime early prediction, which

address the hierarchical nature of battery aging data and quantify the uncertainty
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in lifetime predictions.

• We generated and publicly shared a large battery aging dataset consisting of 225

NMC cells cycled under a wide range of operating conditions. The proposed

HBM is validated on this dataset in my second work [2].

Moving beyond point prediction in lifetime modeling, Chapters 3 and 4 address the

problem of SOH trajectory estimation. In Chapter 3, my third work [3] introduces an

aging-aware equivalent circuit model for health estimation that combines the flexibility

of data-driven methods with a model-based framework. A simplified ECM is combined

with Gaussian process regression to learn capacity fade over lifetime, as well as the

dependence of resistance on operating conditions and lifetime. By expressing the GP

in state-space form, a recursive co-estimation framework is established, where ECM

states (e.g., SOC) and model parameters (represented by GPs) are jointly estimated from

operational data. The novel contributions of Chapter 3 are listed below:

• We proposed an aging-aware battery ECM incorporating GPs to describe the

dependency of circuit-model parameters on SOC and lifetime. This aging-aware

ECM can be used to jointly estimate ECM states and model parameters from

operational data.

• Incorporating the SOC and lifetime dependency of ECM parameters via GP kernels

makes parameter estimates more stable over battery life compared to traditional

random walk based methods.

• The estimated resistance function is found to be strongly influenced by aging-

induced shape changes in OCV-SOC function, which leads to a way to further

estimate differential voltage curves.

Unlike previous chapters, Chapter 4 presents SOH estimation results on real-world

battery data. My fourth work [4] implements the aging-aware ECM on 114 LFP battery

packs deployed in off-grid solar systems in Africa. Both capacity fade curves and

corresponding degradation modes are estimated from field-collected cycling data. It is

found that long time resting at high voltages can cause severe aging effects on loss of

lithium inventory (LLI) and loss of active material for the negative electrode (LAMne).
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The novel contributions of Chapter 4 are listed below:

• We analysed data from 114 commercial LFP battery packs deployed in sub-Saharan

Africa for up to 1200 days of operation. Using the proposed aging-aware ECM, we

estimate time-varying capacity, resistance, and degradation modes directly from

operational data.

• We show that time spent resting at high voltage, reflecting periods of limited user

demand, strongly accelerates degradation, whereas regular cycling mitigates rapid

aging. This suggests practical steps to extend battery life, for example by adjusting

control algorithms to avoid prolonged high-voltage rests.

Chapter 5 concludes the thesis by summarizing the research findings presented in the

previous chapters and outlining directions for future work.
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2 | Data-driven battery lifetime early prediction

2.1 Preface

This chapter is based on the following publications:

[1] Zhou Zihao, and David A. Howey. "Bayesian hierarchical modelling for

battery lifetime early prediction." IFAC-PapersOnLine 56.2 (2023): 6117-6123.

[2] Li Tingkai∗, Zhou Zihao∗, Adam Thelen, David A. Howey and Hu Chao.

"Predicting battery lifetime under varying usage conditions from early aging data."

Cell Reports Physical Science 5.4 (2024).
*Equal contribution

In Chapter 2, our goal is to build a regression model for the problem of battery lifetime

early prediction, which considers aging effects from two distinct causes: usage variability

and intrinsic cell variability.

The influence of usage variability on battery aging can be clearly observed in the

work of Severson et al. [26]. Their dataset was generated through accelerated aging

experiments, where all batteries underwent identical discharge cycles at 4 C, but were

subjected to different fast-charging protocols. The EoL times ranged from 5 to 80 days

(150–2300 cycles), with an average lifetime of 26 days (797 cycles). Good prediction

accuracy was achieved by using features extracted from shape changes in the 𝑄(𝑉)

curve. However, under such extreme usage conditions, a natural hypothesis is that

usage-induced degradation is the dominant aging factor. The influence of intrinsic cell

differences is largely suppressed, as all cells quickly failed due to the extremely high C-

rate cycling. Alexis et al. [32] further showed that features encoding cycling conditions

significantly improve model accuracy by capturing protocol-to-protocol variability.

On the other hand, lifetime differences are also observed among batteries cycled under

identical protocols [25, 75, 76]. Although initial manufacturing variability among new

cells is typically small, no significant correlation has been found experimentally between

initial health and subsequent aging rates later in life [77, 78]. However, when coupled
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with the effects of cycling aging, cell-to-cell variability increases. The shape change in

the𝑄(𝑉) curve between cycles 10 and 100—identified as the source of the most effective

health features [26]—captures a mixture of usage-induced degradation and intrinsic cell

variability.

The absence of explicit modeling for these two aging factors (usage variability and

intrinsic cell variability) will reduce a model’s ability to generalize to batteries under

unseen usage conditions. The learned mapping between health features and EoL/RUL

labels may only hold under the specific usage conditions included in training set. In

my first publication [1], we present a hierarchical Bayesian model (HBM) that explicitly

models the changing relationship between features and labels across different cycling

conditions. The model performance is validated on the public dataset introduced by

Severson et al. [26]. The second publication [2] further tests the model’s generalization

ability under a wide range of aging conditions using a self-collected dataset of 225 NMC

batteries and includes a detailed discussion of more sophisticated early-life features.

2.2 Manuscripts

For convenience, the used benchmark methods in both papers of Chapter 2 are summa-

rized here for reference. Details can also be found within each paper.

In the first paper [1], the baseline model is a ridge regression model with two different

feature settings. One with 6 features used by Severson [26], it is denoted as baseline

(original). Another with 4 proposed features (both conditional level and individual

cell level features), it is denoted as baseline (with feature 𝑔). In the second paper

[41]. Though ridge regression is a traditional method, it is commonly chosen as one of

baselines in the topic of battery lifetime prediction.

For the second paper [2], multiple baseline models are implemented under different

input feature settings. The first baseline model is called a "Dummy" model, which does

not use any input features or have any trainable parameters, instead it predicts the mean

cell lifetime of the training set for all cells. We use it as a way to determine if a more

complex model is truly learning new information from the input data or instead only
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appears to be learning because of similar training/test dataset distributions that lead to

similar error metrics. The second baseline is called "Cycling conditions" model, which

is a ridge regression model using only the cycling condition parameters as input features.

It is used to show the contribution of condition level features on lifetime prediction. The

third baseline is called a "Discharge" model, which corresponds to the elastic net model

used in Severson’s work [26] using the same feature set. The fourth baseline is called

"Degradation-informed" model, which is also a elastic net model but built on the newly

proposed features (both individual cell level and condition level features).
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Abstract: Accurate prediction of battery health is essential for real-world system management
and lab-based experiment design. However, building a life-prediction model from different cycling
conditions is still a challenge. Large lifetime variability results from both cycling conditions
and initial manufacturing variability, and this—along with the limited experimental resources
usually available for each cycling condition—makes data-driven lifetime prediction challenging.
Here, a hierarchical Bayesian linear model is proposed for battery life prediction, combining
both individual cell features (reflecting manufacturing variability) with population-wide features
(reflecting the impact of cycling conditions on the population average). The individual features
were collected from the first 100 cycles of data, which is around 5-10% of lifetime. The model
is able to predict end of life with a root mean square error of 3.2 days and mean absolute
percentage error of 8.6%, measured through 5-fold cross-validation, overperforming the baseline
(non-hierarchical) model by around 12-13%.

Keywords: Bayesian; lithium-ion battery; hierarchical model; lifetime variability

1. INTRODUCTION

Lithium-ion batteries are ubiquitous due to their relatively
long lifetime and high energy density (Cano et al. (2018);
Schmuch et al. (2018)), but their performance degrades
with time and usage. Battery aging behaviours have been
widely explored (Birkl et al. (2017)), but remain difficult
to understand and quantify since batteries are complex
electrochemical devices that operate in widely varying
conditions.

Existing battery lifetime prediction models can be roughly
divided into either physics-based (Reniers et al. (2019)) or
data-driven approaches (Sulzer et al. (2021a)). Physics-
based models are built from first principles, accounting
for diverse aging mechanisms such as growth of the solid-
electrolyte interphase (Liu et al. (2020)), lithium plating
(Liu et al. (2016)), and particle cracking (Ai et al. (2019)).
While these are good at explaining underlying aging mech-
anisms, developing models that predict behaviour under
different cycling conditions is challenging, since the influ-
ential degradation mechanisms may be vary across cycling
conditions (Su et al. (2016); Raj et al. (2020)).

Data-driven methods directly map from chosen health
indicators (features) to battery lifetime (labels) without
requiring underlying domain knowledge. For this purpose,
(Severson et al. (2019)) proposed an input feature based on
discharging curve differences in early cycles, called ∆Q(V ),
giving accurate predictions of lifetime using only early
cycling data. Subsequently, other aging features have been
proposed based on charging or discharging curve differ-
ences (Paulson et al. (2022)). However, the effectiveness of
these may rely on the specific cycling conditions (Sulzer
et al. (2021b)). Alternatively, instead of generating fea-
tures from the raw signals (voltage/current/temperature)

and then using these as inputs for a model, other works
implemented sophisticated machine learning methods to
directly build models from raw measurements, such as
ensemble learning (Li et al. (2019)) and long-short memory
networks (Zhang et al. (2018)).

Although data-driven models achieve satisfactory results
on their datasets, their ability to generalize is still un-
proven. Most of these models are built at a population
level, i.e. all battery cells within a dataset follow the
same feature-label mapping function, or to put it another
way, the model that is learnt is an average model for
the whole cell population. As a result, these models often
lack the ability to give good performance on individual
cells going through unseen cycling conditions. Recent work
(Dechent et al. (2021); Strange et al. (2022)) also shows
that cell-to-cell intrinsic manufacturing variability may not
be properly addressed by a single population model. To
address this, (Deng et al. (2022)) clustered cells under
similar cycling conditions into subgroups, so that the usage
variability could be reduced within each subgroup. Then,
separate models were built for each subgroup. However,
this separate modelling strategy needs to reach a balance
between reducing within-group usage variability (more
groups) versus group sample size (fewer groups). In re-
ality, separate subgroup models often suffer from a lack
of available data and tend to over-fit because of limited
samples.

Different from either a single general population model or
separate individual models, there is a reasonable middle
ground in the form of hierarchical modelling (also called
multi-level modelling). Hierarchical models are statistical
models that have parameters at more than one level; they
have proven to be a useful tool to deal with naturally struc-
tured data. For example, in a two-layer model there are pa-
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Fig. 1. Datasets of (Severson et al. (2019)) (red, three
steps) and (Attia et al. (2020)) (blue, five steps) used
here; top shows measured ageing trajectories, bottom
shows exemplary individual charging protocols from
each dataset respectively; in both cases the final step
is a 1C constant current charge from 80–100% SOC.

rameters at the lower level which are assumed to be drawn
from distributions, and these distributions are themselves
parameterised by higher level parameters (Gelman and
Hill (2006)). Hierarchical models have been widely used
in different areas including ecology, psychology, sociology
and computer vision (Lake et al. (2015); Pedersen et al.
(2019)).

In this work, a hierarchical Bayesian model (HBM) is
presented to achieve battery life prediction from early
life measurements under varying cycling conditions. The
individual cell feature-label relationships can vary across
different cycling conditions according to cycling condition
variables. Here we combine the MIT battery ageing dataset
(Severson et al. (2019)) with extra samples from (Attia
et al. (2020)) to generate a dataset consisting of 169
cells from 61 different cycling conditions. The lifetimes of
these 169 cells range from 5 to 80 days. The individual
battery health indicators (features) were calculated from
the first 100 cycles of cycling data, which is only around
5-10% of a cell’s average lifetime. We show that the HBM
overperforms a baseline ridge regression model by 12%
relative root-mean-square error (RMSE) and 13% mean-
percentage-error (MPE).

2. DATA SOURCES AND FEATURE EXTRACTION

2.1 Data sources

In order to explore the impact of usage variability, different
cycling conditions need to be included in the selected
dataset. Here, the open source battery cycling datasets
of (Severson et al. (2019)) and (Attia et al. (2020)) are
combined together to give a dataset of 169 cells in total.
The first dataset (Severson et al. (2019)) consists of 124

lithium iron phosphate/graphite 18650 Li-ion cells (A123)
that were cycled at 30 ◦C. The second dataset (Attia et al.
(2020)) is a follow up experiment that contains 45 cells of
the same type as before. All these cells underwent identical
discharge cycles at 4C but had different fast charging
protocols. (In this paper C-rate has the conventional
definition, i.e. charge or discharge current over nominal
capacity.) The cells had a 1.1 Ah nominal capacity and
the end of life (EoL) is defined as 80% of nominal capacity
remaining. Cycling data (voltage/current/temperature)
with time resolution of 1 second are included. More details
can be found in (Severson et al. (2019)) As shown in Fig 1,
the EoL time covers a wide range from 5 to 80 days (150–
2300 cycles), with an average lifetime of 26 days (797
cycles). Cells from the first dataset experienced charging
protocols with three steps, while cells from the second set
experienced five-step charging protocols.

2.2 Feature extraction

Feature engineering is not the main focus of this work,
hence we chose a small number of features at both the
group and individual levels in the hierarchical model,
guided by existing literature and our prior understanding
of battery ageing. In the datasets considered, the dis-
charging protocol is uniform across all cells, while the
charging protocols are quite different from cell to cell. The
main difference between them is the sequence of C-rates
used during charging, so one way to compare them is to
calculate some kind of average charging C-rate for each
protocol. Here we used the ‘SOC-average’ charging C-rate
as a metric to define differences between protocols—this is
related to the total ohmic heat generation (I2RT , where
R is resistance) in the cell during each charging period,
normalised by capacity, since

d(SOC)

dt
=

I

Q0
, d(SOC) =

I

Q0
dt

hence
∫ 1

0

Id(SOC) =

∫ T

0

I2
1

Q0
dt,

(1)

where the Q0 is the nominal capacity, T the total charge
time, and I indicates current. Taking the three steps
protocol shown in Fig 1 as an example, the cell is first
charged to 40% SOC at 5.4C, and then charged from 40%
to 80% SOC at 3.6C. So, the average charging C-rate for
this charging protocol is

q1 = 40%, q2 = 40%, q3 = 20%

5.4 × q1 + 3.6 × q2 + 1 × q3 = 3.8C.
(2)

Note that the final 80% to 100% SOC stage is always at
1C for all cells within the dataset.

As shown in Fig 2, the average charging C-rate has a
strong predictive relationship with the end-of-life (EoL)
time in this combined dataset. Multiple cells may have
similar or the same average charging C-rate, and these cells
will be clustered together into groups later. We denote this
average charging C-rate metric as a group level feature g,
as shown in Table 1.

At the individual cell level, three features which are
widely used in existing literature (Severson et al. (2019);
Paulson et al. (2022); Fei et al. (2021)) were calculated
from the first 100 cycles of data for every cell. These are

Table 1. Input features used in his work

Symbol Description Level

g Average charging C-rate Group

F1 Variance of discharge ∆Q(V ) curve between 10th and 100th cycles Individual

F2 Minimum of discharge ∆Q(V ) curve between 10th and 100th cycles Individual

F3 Discharge capacity at cycle 2 Individual

Fig. 2. Left shows the relationship between the average
charging C-rate and EoL time in days; the absolute
linear correlation coefficient is 0.71. Right shows his-
togram of calculated average charging C-rates.

Fig. 3. Left shows the feature ‘F1’, the ∆Q(V ) curve
between the 10th and 100th discharge cycles; right
shows the log-log relationship between the most pre-
dictive feature (F1) and the EoL in days. As already
reported (Severson et al. (2019)), the correlation is
strong, in this case the absolute value of Pearson’s
linear coefficient is 0.76.

denoted as individual-level features (F1-F3) in Table 1.
The most predictive feature (the one having the largest
linear coefficient with log of EoL time), and its relationship
with log EoL time, is shown in Fig. 3.

3. METHODOLOGY

The overall lifetime variability consists of variability
caused by usage differences, and variability from manu-
facturing differences. Ideally there would be many samples
for every usage condition so that the cell-to-cell differences
under usage could be estimated. However, in the dataset
used, there are only 1-2 cells tested for each different
protocol—a sample size too small to give reliable con-
clusions. To address this, we used constrained K-means
clustering to gather cells into usage-related groups each
having similar (although not necessarily identical) average
charging C-rates.

Fig. 4. Left shows average charging C-rate for each group
with cells clustered into eight groups; right shows
associated EoL days for each group. There is relatively
large usage variability within the final group due to
lack of cells at low (<3.5C) charging C-rates.

3.1 Cycling conditions clustering

A commonly used technique to address the balance be-
tween individual cell behaviour vs. population model ac-
curacy is clustering, i.e. grouping of cells into ‘similar’
behavioural subgroups that each contain a relatively large
number of cells. However, most previous works (Deng
et al. (2022); Jiang et al. (2021)) cluster cells based on
features from individual cell voltage signals (or cell EoL
lifetime) rather than features representing usage. As a
result, cells undergoing quite different cycling conditions
may be grouped together. In this work, clustering uses
the cycling condition level features (g), which enables cells
with similar cycling conditions to be grouped together.

The tool used is constrained K-means clustering (Bhat-
tacharya et al. (2018)). It is an improved version of K-
means that avoids local solutions containing empty clus-
ters, or clusters having very few samples. The goal is to
have sufficient sample size (at least 10 cells) in each group,
while also maintaining small usage variability within each
group (at most 100 cells).

There are 169 cells with 61 different average charging C-
rates in the dataset, so a reasonable number of clusters is
K ∈ [4, 16]. Here, K = 8 is used as an example (further
investigation of the influence of cluster number would
be interesting future work). The corresponding clustering
result is shown in Fig 4.

3.2 Bayesian hierarchical linear model

We now discuss the construction of the hierarchical model
for life prediction. To motivate the need for a hierarchical
model, one should first check whether the group level effect
is significant in the target dataset. The variance partition
coefficient (VPC), Equation 3, is a metric which represents
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Table 1. Input features used in his work

Symbol Description Level

g Average charging C-rate Group

F1 Variance of discharge ∆Q(V ) curve between 10th and 100th cycles Individual

F2 Minimum of discharge ∆Q(V ) curve between 10th and 100th cycles Individual

F3 Discharge capacity at cycle 2 Individual

Fig. 2. Left shows the relationship between the average
charging C-rate and EoL time in days; the absolute
linear correlation coefficient is 0.71. Right shows his-
togram of calculated average charging C-rates.

Fig. 3. Left shows the feature ‘F1’, the ∆Q(V ) curve
between the 10th and 100th discharge cycles; right
shows the log-log relationship between the most pre-
dictive feature (F1) and the EoL in days. As already
reported (Severson et al. (2019)), the correlation is
strong, in this case the absolute value of Pearson’s
linear coefficient is 0.76.
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having similar (although not necessarily identical) average
charging C-rates.

Fig. 4. Left shows average charging C-rate for each group
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associated EoL days for each group. There is relatively
large usage variability within the final group due to
lack of cells at low (<3.5C) charging C-rates.
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lifetime) rather than features representing usage. As a
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may be grouped together. In this work, clustering uses
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with similar cycling conditions to be grouped together.

The tool used is constrained K-means clustering (Bhat-
tacharya et al. (2018)). It is an improved version of K-
means that avoids local solutions containing empty clus-
ters, or clusters having very few samples. The goal is to
have sufficient sample size (at least 10 cells) in each group,
while also maintaining small usage variability within each
group (at most 100 cells).

There are 169 cells with 61 different average charging C-
rates in the dataset, so a reasonable number of clusters is
K ∈ [4, 16]. Here, K = 8 is used as an example (further
investigation of the influence of cluster number would
be interesting future work). The corresponding clustering
result is shown in Fig 4.
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We now discuss the construction of the hierarchical model
for life prediction. To motivate the need for a hierarchical
model, one should first check whether the group level effect
is significant in the target dataset. The variance partition
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Fig. 5. Hierarchical model structure: parameters can be divided into individual cell level parameters (θj ,σj) and cycling
condition level hyper-parameters (γ). While j represents cycling condition group index, i represents individual cell
index, yji represents lifetime of ith cell in jth cycling group. This two level structure allows the individual cell
level feature-label (xji−yji) relationship to vary across different cycling conditions based on cycling condition level
features (gj).

the percentage of label variance explained by including a
grouping effect.

VPC =
σ2

group

σ2
individual + σ2

group

σ2
group = var (ūj − ū) , ū =

1

N

k∑

j=1

nj∑

i=1

yji

σ2
individual = var (yji − ūj) , ūj =

1

nj

nj∑

i=1

yji

(3)

Here, σgroup defines the variance between groups, and
σindividual defines the variance of the whole population
where each cell is compared to the mean of its group,
ū is the average lifetime for all cells in the population,
µ̄j is the average lifetime of the jth group, var has the
usual definition of sample variance, yji is all individual
lifetimes for the ith cell within the jth group, nj is the
total number of cells within the jth group and N is the
total number of cells in the population. When the group
variance σ2

group = 0, there is no difference between groups,
that is, every group has same mean lifetime compared to
the overall population battery mean lifetime. When the
σ2

individual = 0, there is no differences within a group,
that is, within each group, samples share the same lifetime
value. For our dataset, VPC = 74.5%, which denotes that
74.5% of the lifetime variance is caused by the cycling
condition group effect.

Given the large influence from cycling condition group, it
is reasonable to apply a hierarchical model. The generative
model structure is described by the schematic in Fig. 3.2.
In this framework, within the jth group, the first (lower)
level inference is done for individual cell lifetime regression
parameters (θj) where θj0 is a scalar representing the
mean lifetime within the jth group and θj is a 4 × 1
vector because the number of features is three. In this
case because we only have three features, we could have
explicitly written the lower level forward model for the jth
group and ith cell within that group as

yij ∼ N (θj0 + θj1x
j
i1 + θj2x

j
i2 + θj3x

j
i3, σ

2
y) (4)

Since the EoL time yij is accurately measured in the
dataset, the sample noise variance σy was fixed to 1 here

(it can also be assigned as a distribution and learnt from
the dataset). For the sake of flexibility and compactness we
use vector notion. The second (upper) level inference is un-
dertaken for cycling condition parameters (γ0,γ1,γ2,γ3),
where the γ0,γ1,γ2,γ3 parameters are each 2× 1 vectors
(because each group has one group level feature and an
intercept parameter), defined as

θj =


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θj0
θj1
θj2
θj3


 gj =
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1
1
nj

∑nj

i=1 gji

]
xji =
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

1

xj
i1

xj
i2

xj
i3




γ0 =

[
γ0,0
γ0,g

]
γ1 =

[
γ1,0
γ1,g

]
γ2 =

[
γ2,0
γ2,g

]
γ3 =

[
γ3,0
γ3,g

]

γ = [ γ0,γ1,γ2,γ3 ] , Yj =
(
yj1, . . . , yjnj

)

{Y } = {Y1, . . . Yj} ,

(5)

where Yj is an output vector of lifetimes for all cells within
the jth group.

The individual slopes of each group model, θj , are assumed
to be drawn from normal distributions centered at γ�gj ,

θj ∼ N
(
γ�gj ,σ

2
j

)
, (6)

where gj is a 2 × 1 vector of known specific mean fea-
tures for the jth group (i.e., the mean of the individual
average charging C-rate for each group). In the top layer,
weakly informative (i.e., wide) priors N (0, 10) are assigned
for all hyper-parameters. And for setting the priors for
θj , a non-centered reparameterization trick, proposed by
(Betancourt and Girolami (2015)), is applied to improve
sampler efficiency.

Our objective is to infer posterior distributions for both
the group models and the population model, P (θj | Yj)
and P (γ | {Y }) respectively. The overall process is

(1) Calculate level-2 posterior distribution P (γ | {Y });
(2) Use level-2 posterior distribution as prior for level-

1 parameters, calculate level-1 posterior distribution
P (θj | γ, Yj);

(3) Use level-1 posterior distribution to make prediction
on individual labels.

Using Bayes’ rule, the level-2 posterior can be estimated by
multiplying the likelihood function with the hyper-prior:

P (γ | {Y }) ∝ Likelihood × Prior

Likelihood =
J∏

j=1

P (Yj | γ)

Prior = N (0, S0), S0 = 10 · I

(7)

Since the level-2 hyperparameters γ are not directly re-
lated to individual observations, the likelihood function
can be calculated by integrating out the level-1 parame-
ters, giving

P (Yj | γ) =

∫

θj

P (Yj | θj) · P (θj | γ) dθj

P (Yj | θj) =

nj∏

i=1

N (erri (θj) ; 0, 1)

erri (θj) =
{
θ�
j xij − yij

}
.

(8)

Notice that the level-2 likelihood component P (Yj | γ) is
the model evidence (marginal likelihood) for the level-
1 model of jth subgroup, which indicates there is an
averaging effect for level-1 model selection of each sub-
group in our proposed two level structure.

Given the level-2 likelihood expression (8), the posterior
distribution for hyper-parameters P (γ | {Y }) can be es-
timated by Markov chain Monte Carlo (MCMC). After
that, the posterior distributions for level-1 parameters
P (θj | γ, Yj) can be estimated by applying Bayes’ rule,

P (θj | γ, Yj) =
P (Yj | θj) · P (θj | γ) · P (γ)

P (Yj | γ)
. (9)

The whole inference process was performed in Python
using the PYMC3 package Salvatier et al. (2016).

3.3 Baseline comparison and evaluation metrics

The performance of the approach was evaluated by com-
paring against a baseline ridge regression model under two
different error metrics, defined below. To give a richer
comparison, the ridge model was built on two different
feature sets: one has 6 features (denoted as the “discharge”
model in Severson et al. (2019)), and the other has 4
features (including g and F1-F3, the same features as the
HBM). Notice that the 6 features used in the “discharge”
model also include F1-F3 used in this paper.

The first error metric is the root mean square error
(RMSE) of the EoL predictions. This is a commonly
used metric for predictive performance, however, it is
significantly influenced by outliers. Therefore, the second
metric is mean absolute percentage error (MAPE), which
measures the percentage difference in EoL time between
the predicted ypred and observed end of life yreal. The two
are defined by

RMSE =

√√√√
∑N

i=1

(
yitrue − yipred

)2

N
,

MAPE =
100

N

N∑

i=1

∣∣∣∣∣
yitrue − yipred

yitrue

∣∣∣∣∣ .

(10)

Fig. 6. Histograms of all results, as RMSE and MAPE

Fig. 7. Scatter plot of predicted versus actual EoL (days)
for HBM vs. baseline model

K-fold cross validation is a commonly used paradigm
to evaluate predictive ability (Arlot and Celisse (2010)).
Here, the train and test sets were selected with 5-fold cross-
validation, resulting in a 135 cells training set and a 34
cells test set. Then, 5-fold cross validation was performed
4 times (totalling 20 RMSE values) to observe the general
predictive ability of the proposed model.

Table 2 summarises the results. The HBM gives 3.20
days median RMSE and 8.6% median MAPE, surpassing
the baseline model on both feature sets. Notice that, by
including usage feature g, the performance of the baseline
model is also improved, which indicates the importance of
cycling condition as a feature. More visualization of the
results is shown in Fig. 6. For the HBM, the majority
(70%) of the RMSE values on EoL time are below 3.5 days.
For the baseline model, 50% of trials give RMSE values
larger than 3.5 weeks. The case for MAPE is also similar.
The HBM generally gives around 12-13% improvement in
performance compared to the original baseline model in
both RMSE and MAPE.

4. RESULTS AND DISCUSSION

Fig. 7 shows a scatter plot of predictions versus actual EoL
time from one trial for the HBM and the baseline model.
Both give relatively good predictions in the mid-life range
(around 30 days). However, the baseline model fails to give
good predictions for long-life (>40 days) cells. The HBM
has a reasonably consistent predictive performance across
the whole lifetime range.

The superior performance of the proposed HBM can
be explained by its ability to account for relationships
between different levels of features, or in other words,
the inherent structure within the dataset. The cycling
condition level feature influences the relationships between
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Using Bayes’ rule, the level-2 posterior can be estimated by
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P (γ | {Y }) ∝ Likelihood × Prior

Likelihood =
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Prior = N (0, S0), S0 = 10 · I

(7)

Since the level-2 hyperparameters γ are not directly re-
lated to individual observations, the likelihood function
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ters, giving
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Notice that the level-2 likelihood component P (Yj | γ) is
the model evidence (marginal likelihood) for the level-
1 model of jth subgroup, which indicates there is an
averaging effect for level-1 model selection of each sub-
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Given the level-2 likelihood expression (8), the posterior
distribution for hyper-parameters P (γ | {Y }) can be es-
timated by Markov chain Monte Carlo (MCMC). After
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P (θj | γ, Yj) can be estimated by applying Bayes’ rule,
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. (9)

The whole inference process was performed in Python
using the PYMC3 package Salvatier et al. (2016).

3.3 Baseline comparison and evaluation metrics

The performance of the approach was evaluated by com-
paring against a baseline ridge regression model under two
different error metrics, defined below. To give a richer
comparison, the ridge model was built on two different
feature sets: one has 6 features (denoted as the “discharge”
model in Severson et al. (2019)), and the other has 4
features (including g and F1-F3, the same features as the
HBM). Notice that the 6 features used in the “discharge”
model also include F1-F3 used in this paper.

The first error metric is the root mean square error
(RMSE) of the EoL predictions. This is a commonly
used metric for predictive performance, however, it is
significantly influenced by outliers. Therefore, the second
metric is mean absolute percentage error (MAPE), which
measures the percentage difference in EoL time between
the predicted ypred and observed end of life yreal. The two
are defined by
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K-fold cross validation is a commonly used paradigm
to evaluate predictive ability (Arlot and Celisse (2010)).
Here, the train and test sets were selected with 5-fold cross-
validation, resulting in a 135 cells training set and a 34
cells test set. Then, 5-fold cross validation was performed
4 times (totalling 20 RMSE values) to observe the general
predictive ability of the proposed model.

Table 2 summarises the results. The HBM gives 3.20
days median RMSE and 8.6% median MAPE, surpassing
the baseline model on both feature sets. Notice that, by
including usage feature g, the performance of the baseline
model is also improved, which indicates the importance of
cycling condition as a feature. More visualization of the
results is shown in Fig. 6. For the HBM, the majority
(70%) of the RMSE values on EoL time are below 3.5 days.
For the baseline model, 50% of trials give RMSE values
larger than 3.5 weeks. The case for MAPE is also similar.
The HBM generally gives around 12-13% improvement in
performance compared to the original baseline model in
both RMSE and MAPE.

4. RESULTS AND DISCUSSION

Fig. 7 shows a scatter plot of predictions versus actual EoL
time from one trial for the HBM and the baseline model.
Both give relatively good predictions in the mid-life range
(around 30 days). However, the baseline model fails to give
good predictions for long-life (>40 days) cells. The HBM
has a reasonably consistent predictive performance across
the whole lifetime range.

The superior performance of the proposed HBM can
be explained by its ability to account for relationships
between different levels of features, or in other words,
the inherent structure within the dataset. The cycling
condition level feature influences the relationships between
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Table 2. Summary of model predictive performance (RMSE is in days)

Baseline (original) Baseline (with feature g) HBM Improvement

RMSE Median 3.67 3.38 3.20 12.8%
Mean 3.72 3.49 3.26 12.4%

MPE Median 9.9% 9.1% 8.6% 13.1%
Mean 9.9% 9.2% 8.7% 12.1%

Fig. 8. Relationships between EoL vs. individual cell
features and group labels based on different cycling
conditions. Groups 0, 3, 4, 7 are selected to show the
influence of cycling conditions. See also Fig 4.

individual cell level features. Fig. 8 shows cells from four
different cycling condition clusters—while all of them
share negative correlations between features and labels,
their slopes and input feature ranges are quite different.
As the average charging C-rate decreases from group 0 to
group 7, the slope become steeper and the range of log F1
values decreases.

In a conventional regression setting, the cycling condition
features and individual cell features are treated in the
same way, assuming they are independent. As a result,
the inherent relationships between these two different cat-
egories of features are ignored. In contrast, in hierarchical
approaches, this kind of inherent relationship is explicitly
modelled, which enables better model performance when
facing structured data.

5. CONCLUSION

A hierarchical Bayesian linear model was proposed to
address the problem of battery early life prediction under
varying usage conditions and using only the first 100
cycles data (only 5-10% of the entire life) as inputs. The
proposed HBM was tested on a open data set consisting
of 169 cells experiencing 61 different cycling protocols.
In a 5-fold cross-validation experiment, the HBM gives
a 3.20 days median RMSE and a 8.6% median MAPE,
which overperforms the baseline model by 12%. These
results show the effectiveness and further potential of the
hierarchical models for battery early life prediction.

There are two directions for future work. First, the influ-
ence of cluster number and cluster size needs to be further
investigated, as these two parameters are known to be
important in many other fields when using hierarchical
models (Gelman and Hill (2006)). In our dataset, eight
clusters is a reasonable number to balance within-group
usage variability versus sample size. However, this was an
empirical choice based mainly on trial and error. Second,
more different usage conditions need to be included. In the

used dataset, the usage differences only locate in charging
period. The influence from discharge C-rate, depth of
discharge and rest periods are not included. More useful
group level features may be found by including more us-
age conditions. Third, nonlinear functions, or even non-
parametric models such as Gaussian processes, could be
implemented hierarchically, and may give better perfor-
mance compared to linear regression models. The codes for
this work is available online (Zhou (2023)). And a further
collaboration work with Prof. Hu Chao’s group aims to
address above challenges is under preparation.
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Li and Zhou et al. demonstrate a method for predicting the lifetime of cells under

widely varying cycling conditions using early-life measurements. This method

utilizes degradation-informed features from early-life data and captures the

hierarchical structure of battery aging data, showing potential for extension to

different chemistries.
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Predicting battery lifetime under varying
usage conditions from early aging data

Tingkai Li,1,4 Zihao Zhou,2,4 Adam Thelen,3 David A. Howey,2 and Chao Hu1,5,*

SUMMARY

Accurate battery lifetime prediction is important for maintenance,
warranties, and cell design. However, manufacturing variability
and usage-dependent degradation make life prediction chal-
lenging. Here, we investigate new features derived from capacity-
voltage data in early life to predict the lifetime of cells cycled under
varying charge rates, discharge rates, and depths of discharge. The
early-life features capture a cell’s state of health and the change rate
of component-level degradation modes. Using a newly generated
dataset from 225 nickel-manganese-cobalt/graphite lithium-ion
cells aged under a wide range of conditions, we demonstrate a life-
time prediction of in-distribution cells with 15.1% mean absolute
percentage error (MAPE). A hierarchical Bayesian model shows
improved performance on extrapolation, achieving 21.8% MAPE
for out-of-distribution cells. Our approach highlights the impor-
tance of using domain knowledge of battery degradation to inform
feature engineering andmodel construction. Further, a new publicly
available battery lifelong aging dataset is provided.

INTRODUCTION

Understanding the long-term degradation of lithium-ion (Li-ion) batteries is crucial

for their optimal manufacturing, design, and control.1,2 However, repeatedly assess-

ing cell performance via aging experiments is a time- and cost-intensive task.3 Man-

ufacturers and researchers need quick and accurate methods to screen long-term

performance and to quantify the impact of new designs and control changes without

having to cycle cells to the end of life (EOL) each time a new question arises. Models

using data from early life could significantly shorten the time needed to make accu-

rate predictions of long-term degradation,4 and this could lead to rapid screening of

new battery performance and optimization of charging protocols.5–7

The idea that lifetime can be predicted using measurements from the early stages of

battery aging experiments has its roots in research from over a decade ago by J.

Dahn and researchers at Dalhousie University, who were investigating the impact

of new electrolyte additives and electrode designs on battery performance. In late

2009, they published a paper describing how high-precision measurements of

Coulombic efficiency during the first few cycles could be used to predict cell lifetime

and rank it qualitatively against other cells.8 Coulombic efficiency is an important

performance metric, and it is calculated as the discharge-to-charge capacity ratio,

where an ideal value of unity indicates perfect cyclic efficiency. Measuring cell

Coulombic efficiency with an error of < 0.01% can indicate cell-to-cell differences

caused by different rates of undesirable side reactions that lead to capacity fade. Us-

ing purpose-built high-precision equipment, the Dalhousie team published a paper

in 2011 that compared long-term cycling data (> 750 cycles) with predicted lifetimes
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extrapolated from short-term (< 500 h) high-precision Coulombic efficiency

measurements.9

Since this work, many new studies have been published on ‘‘early-life prediction.’’ In

2013, the Dalhousie University group published another paper demonstrating the

lifetime ranking of 160 Li-ion cells with various electrolyte additives, using high-pre-

cision Coulombic efficiency measurements from the first 50 cycles of data.10 The

Coulombic efficiency measurements strongly correlated with the cells’ lifetimes.

However, many researchers and industry professionals do not have access to high-

precision machines for testing. Furthermore, it would be even more useful to predict

lifetimes using early-life measurements made during faster cycling experiments and

under a broader range of operating conditions, enabling the technology to be de-

ployed in more research areas and even for cells operating in the field.

Research by Baumhöfer et al.11 and Harris et al.12 investigated alternative ap-

proaches not requiring the use of a high-precision cycler. Baumhöfer et al. devel-

oped a lifetime prediction model on 48 cells cycled under identical conditions.11

Hundreds of early-life features extracted from impedance spectra, pulse character-

ization tests at different states of charge, and standard capacity tests were reduced

to a set of 24 features and used for prediction. The model using 24 features was ac-

curate within 16 cycles; however, further analysis showed that model accuracy was

highly dependent on the number of features used, with more features generally

being better, suggesting the model may possibly be overfitting the small dataset

ðN = 48Þ. Harris et al. examined the failure statistics of 24 cells cycled under iden-

tical conditions and established a weak correlation between the cells’ capacity at cy-

cle 80 and the capacity at cycle 500.12 These works suggest simpler and more easily

obtainable early-life features might be found to correlate with eventual lifetime.

Severson et al.5 in 2019 demonstrated an early-life prediction model using features

extracted from the discharge capacity vs. voltage ðQðVÞÞ curves during regular

cycling. The feature extraction method was unique, quantifying the cells’ degrada-

tion rates by tracking the early-life variation of their QðVÞ curves between cycles

10 and 100, referred to as DQ100� 10ðVÞ. The approach was also used in follow-up

work by Attia et al.6 to accelerate an experimental campaign to optimize the con-

stant current portion of a fast charging protocol. The researchers in these papers

generated a large battery aging dataset from 169 lithium-iron-phosphate/graphite

(LFP) cells cycled under various fast charging protocols. This was made publicly avail-

able, and many other researchers have investigated methods of further improving

predictive performance and feature extraction techniques using these data.13–22

Notably, Paulson et al.22 demonstrated accurate early-life prediction on six different

metal oxide cathode chemistries. Fermin-Cueto et al.20 investigated predicting the

knee point (when capacity begins to decrease rapidly) in a cell’s capacity degrada-

tion curve using early-life features. Similarly, Li et al.21 demonstrated a prediction

model capable of projecting the entire capacity degradation trajectory from early-

life features.

Despite this growing body of research, many fundamental questions about battery

life modeling remain unanswered. One fundamental issue is that, in order to train

machine learning models to predict lifetime from early-life cycles, data from the

entire lifetime are required. Therefore, these approaches are best suited to applica-

tions such as screening cells after manufacturing, or relative comparisons, rather

than quantitatively absolute predictions. A second issue is a lack of publicly available

battery lifetime data that covers a wide range of conditions. The dataset published

ll
OPEN ACCESS

2 Cell Reports Physical Science 5, 101891, April 17, 2024

Article

30



by Severson et al. and Attia et al.5,6 was specifically generated to study high-rate fast

charging protocols for LFP cells, leaving the discharge rate and depth of discharge

fixed. Even though the dataset is relatively large compared to existing publicly avail-

able datasets (N = 169 cells), the limited range of operating conditions, in this case,

induced a single dominant degradation mode (loss of active material at the anode or

negative electrode, ‘‘LAMNE’’), causing all of the capacity degradation trajectories to

have very similar shapes, and perhaps making lifetime prediction easier.23 While the

relationships between cell operating conditions and the corresponding degradation

modes are well understood,1,3,24,25 it remains unclear how the DQðVÞ feature trans-

fers to cells of different chemistries and to situations where multiple interacting

degradation modes are present. This is especially the case for cells that experience

milder degradation resulting in less obvious changes in the QðVÞ curve. Further-

more, all cells in the dataset from Severson et al. and Attia et al.5,6 were cycled under

a fixed depth of discharge, making it easy to extract features from any cycle along

the cell’s degradation trajectory. However, in practice, the depth of discharge of

cells depends on applications and user preferences, and cells may not be subjected

to full depth-of-discharge cycles in many cases. So, there is a need to explore alter-

native methods of collecting early-life feature data and validating results using peri-

odic reference performance tests or other means.

In this work, we investigate new early-life features derived from capacity-voltage

data that can be used to predict the lifetimes of cells cycled under a wide range of

charge rates, discharge rates, and depths of discharge. To study this, we generated

a new battery aging dataset from 225 nickel-manganese-cobalt/graphite (NMC/Gr)

cells, cycled in groups of four per condition, under a much wider range of operating

conditions than existing publicly available datasets.26 The cells in our dataset exhibit

larger variations in their capacity degradation trajectories than previous open data-

sets, driven by the interactions and accumulations of various component-level

degradation mechanisms.1,23 To predict the lifetimes of cells experiencing different

degradation pathways accurately, we introduce new early-life features extracted

from the differential voltage (dV=dQ vs. Q) and incremental capacity (dQ=dV

vs. V ) data gathered during regular weekly reference performance tests (RPTs).

The RPTs, two complete cycles at full depth of discharge, enable consistent feature

extraction and lifetime prediction for cells that normally cycle at fractional depths of

discharge, some as low as 4.0%. Using as little as the first 5% of the aging data, we

achieve a mean absolute percentage error ðMAPEÞ of 22% on the lifetime. Including

up to 15% of the entire cell lifetime data, we achieve an average prediction error of

15.1% MAPE and a root-mean-square error ðRMSEÞ of 2.8 weeks on in-distribution

test sets when testing the new features in traditional machine learning models built

with regularized linear regression. Given that our dataset has a hierarchical structure

(i.e., the ‘‘group’’ level and the ‘‘cell’’ level) in nature, we also explore the possibility

of applying hierarchical Bayesian linear modeling to predict lifetime, which achieves

better extrapolation performance on out-of-distribution samples, viz., 7.3 weeks

RMSE and 21.8% MAPE lifetime prediction error.

The major contributions of this work are 4-fold:

(1) proposing a new idea to categorize early-life features into two hierarchical

levels, the condition (upper) and the cell (lower) level, in order to capture

an inherent hierarchical structure in the battery aging data and enable greater

generalization especially to out-of-distribution data;

(2) creating a hierarchical Bayesian model (HBM) to address the hierarchical na-

ture of the aging data and quantify the uncertainty in lifetime predictions;
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(3) demonstrating a new method for extracting predictive features from incre-

mental capacity curves, incorporating optimization of voltage window to

improve correlations with lifetime;

(4) generating and publicly sharing a large battery aging dataset consisting of

225 NMC cells cycled under a wide range of operating conditions, enabling

researchers without access to battery testing equipment to study lifetime

modeling and other related topics.

RESULTS AND DISCUSSION

Approach for predicting lifetime from early-life data

Prediction of lifetime from early data is more challenging when there are multiple

varying stress factors, because this leads to diverging capacity trajectories. Our

approach, outlined in Figure 1, differs from the prior art5,8–10 in several ways.

First, to apply early prediction to cells cycled under different depths of discharge, we

extract features from periodic RPTs instead of regular cycling data. This means that

the discharge voltage curves obtained from periodic RPTs are complete and consis-

tent for every cell, making feature extraction more consistent. Second, we develop

new features based on partial voltage windows of QðVÞ curves and their derivatives

(differential voltage and incremental capacity data). Using a new feature extraction

method (see details in "extracting features from incremental capacity data"), we find

features that better correlate with cell lifetime for our dataset than existing features

reported in the literature.5,15,19 Additionally, we explore using cycling protocol in-

formation
�
Cchg; Cdchg; DoD

�
as features to predict lifetime, establishing a link be-

tween the two. All extracted features are reduced to a highly predictive subset using

a feature selection method (see "feature selection"). Then, the selected features are

used as input to amachine learningmodel to predict cell lifetime. In what follows, we

outline our approach to feature engineering for early-life prediction and discuss

the challenges of applying existing feature engineering methodologies proven on

(periodic full DoD cycles to check capacity 
and gather data for feature engineering)

Partial DoD Cycling

RPT

(partial DoD cycling blocks feature 
extraction from raw cycling data)

Feature Engineering

Early Life PredictionGroup-Varying
Cycle Aging Data

(cell discharge capacity measured from 
weekly RPTs of 225 NMC/Gr cells)

(early life features extracted from RPT 
incremental capacity data)

(early prediction using an elastic net 
machine learning model)

ΔdQ/dV

3.6 V 3.9 V

Figure 1. High-level overview of our approach

Unlike existing approaches for early prediction, we extract features from periodic reference performance tests instead of regular cycling data. In this

example, we extract a feature from a partial voltage window of incremental capacity that is highly correlated with lifetime. From this and other features,

we build a machine learning model to predict the lifetimes of new unseen cells.
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LFP/Gr to our NMC/Gr cells that are cycled under a wider range of operating condi-

tions. Last, we introduce HBMs for early-life prediction.

Lithium-ion battery dataset under varying usage conditions

Publicly available datasets, such as those from NASA’s Prognostics Center of Excel-

lence,27,28 the Center for Advanced Life Cycle Engineering (CALCE) at the University

of Maryland, College Park,29,30 and Sandia National Laboratories,31 contain cells of

different chemistries cycled under a range of charge rates, discharge rates, and tem-

peratures. These datasets are frequently used in research studies for battery

modeling since aging commercial-grade Li-ion cells is slow and expensive. Also,

these datasets report measurements including capacity, internal resistance (NASA

and CALCE), voltage, current, and temperature, enabling researchers to study

different aspects of battery modeling. However, the relatively small size of these da-

tasets (roughly 30 cells per group) makes investigating machine learning-based ap-

proaches to early-life prediction challenging. On the other hand, in recent years, da-

tasets such as those from the Toyota Research Institute5,6 and Argonne National

Laboratory22 contain many more cells (>150 cells). However, they focus on a limited

range of operating conditions—fast charging and symmetric C/2 cycling, respec-

tively—making it difficult to build machine learning models that generalize across

cycling conditions.

In light of this, we designed our battery aging dataset to study more cells under a

broader range of operating conditions than current publicly available datasets.26

Our dataset comprises 225 cells cycled in groups of four to capture some of the

intrinsic cell-to-cell aging variability.32 A unique feature of our dataset is the many

capacity degradation trajectories that reflect different accumulated degradation

modes induced by the various operating conditions. These trajectories, shown in

Figure 2, exhibit different one-, two-, and three-stage degradation trends driven

by the interaction and accumulation of hidden, threshold, and snowballing
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Figure 2. Overview of battery aging test conditions and capacity data

(A) 3D scatterplot showing train-test split and cycling conditions used—each point represents conditions for a group of four cells, and marker color

indicates a data subset used to generate prediction results in "predicting lifetime using machine learning models."

(B) Discharge capacity fade curves for all 225 NMC/graphite cells plotted past 80% their rated capacity (250 mAh); color of each curve is scaled by cell

lifetime.

(C) Histogram of the cell lifetimes at end of life (EOL) using 80% of rated capacity as threshold.
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degradation modes.23 These varying trends produce cell lifetimes from 1.5 to

60.9 weeks. Experimental details and testing procedures used to generate the data-

set can be found in "battery aging test design" and Note S1 and Note S2 of the sup-

plemental information.

Extracting predictive features from early usage data

Initially, we extracted features previously reported to correlate strongly with cell life-

time.5,15,19 We adopt the notation DQw3�w0ðVÞ to describe the features, where the

subscripts w3 and w0 correspond to data obtained from the RPTs from weeks 3 and

0, respectively. Preliminary testing of these well-established early-life features re-

veals that they do not fully explain the variance in our dataset. This is illustrated in

Figure 3A, where we extract the varðDQðVÞÞ feature reported by Severson et al.5 us-

ing discharge data from RPTs varðDQw3�w0ðVÞÞ and plot it against lifetime, revealing

a large unexplained variance in the predicted lifetimes.

To understand why this occurs, consider two cells (G6C4 and G20C1) that have

similar feature values but vastly different lifetimes. In this case, even though the

DQðVÞ curves have the same variance, they do not have the same shape and location

(Figure 3B). It can be seen that the group twenty cell (G20C1) experienced more

A B

C D

Figure 3. Feature extraction from early-life data

Well-known early-life features do not explain the variance in our dataset, and a newly extracted

feature from incremental capacity curves correlates better with lifetime.

(A) Cell lifetime for 225 NMC cells plotted as a function of varðDQw3�w0ðVÞÞ; Pearson correlation

coefficient �0.686. The two cells highlighted have similar values of varðDQw3�w0ðVÞÞ but very
different lifetimes.

(B) Difference between discharge capacity curves as a function of voltage between week 3 and 0 for

the two cells highlighted in (A).

(C) Cell lifetime plotted as a function of optimized feature meanðDdQ =dV3:60V� 3:90V
w3�w0 ðVÞÞ, Pearson

correlation coefficient � 0:848.

(D) Incremental capacity curves from weeks 3 and 0 for three representative cells (G1C2, G16C1,

and G53C2, respectively); the shaded areas indicate the change of curves between the voltage

bound (3.60 � 3.90 V) after 3 weeks of cycling.
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significant capacity loss during this time, evident by the endpoint of DQðVÞ at 3.0 V.

Other noticeable changes exist in the dV=dQðQÞ curves that differ between the cells

(shown in Note S7 of the supplemental information), indicating additional but more

subtle degradation modes are present. However, these differences in the evolution

of theQðVÞ curve during early life are not captured by the varðDQw3�w0ðVÞÞ feature,
causing the unexplained variance in the dataset. A further analysis compares the

DQw3�w0ðVÞ curves from our dataset with the DQ100� 10ðVÞ curves from the dataset

of Severson et al.,5 shown in Figure S8 of the supplemental information. From this

analysis, we find that the varðDQw3�w0ðVÞÞ feature only captures the capacity fade

within the first 3 weeks in our dataset, which can be attributed to the differences

in the trend of the QðVÞ curve evolution. Both the differences in cell chemistries be-

tween these two datasets and different discharging profiles from which the variance

feature is extracted could contribute to the trend differences. The former impacts

the overall discrepancy of voltage responses due to different phase change mecha-

nisms involved during discharging. The latter, especially for the difference in C-rates,

would cause different levels of heat generation during discharging. The discharge

curve for which Severson et al.5 introduced their feature is at 4 C, and the effect of

self-heating on the voltage response cannot be neglected under this high C-rate,

especially toward the end of discharge. In contrast, we extracted the equivalent

varðDQw3�w0ðVÞÞ feature from measurements at C/5, where self-heating is much

less of a concern.

While we only showed an example in Figure 3 for this particular feature,

varðDQw3�w0ðVÞÞ, the unexplained variance in the data persists using most other

early-life features we tested. Typically, it is not a requirement that all model input

features exhibit a strong correlation with cell lifetime, but finding a few features

that do correlate well is generally advantageous because it can improve model fit

and accuracy. Considering this, we explored extracting features from differential

voltage and incremental capacity curves using partial voltage intervals in order to

capture the diverse cell-specific degradation trends observed in our dataset more

accurately.

Differential voltage (dV=dQ vs. Q) and incremental capacity (dQ=dV vs. V ) curves

have been widely adopted in battery aging diagnostics because certain features

(e.g., peaks and valleys) on these curves are closely associated with phase transitions

of electrodes and allow us to investigate electrode-specific aging modes. For

example, simply plotting dQ=dV vs. V curves over successive cycles within a long-

term aging test and observing changes in positions, amplitudes, and widths of

certain peaks over cycling can help detect the underlying degradation modes

(e.g., loss of active materials on the negative and positive electrodes and loss of

lithium inventory associated with capacity fade) that drive these changes. This diag-

nostic property of differential voltage and incremental capacity curves could even

allow reasonably accurate quantification of degradation modes.33 Also, several bat-

tery lifetime prediction studies include features describing the locations and magni-

tudes of peaks from differential voltage and incremental capacity curves.15,19,22

Here, we present a method to find an optimal incremental capacity feature, which

is backed up by our feature selection process in "feature selection" and Note S11

and Note S12 of the supplemental information.

Rather than only using locations and magnitudes of peaks from incremental capacity

ðdQ =dVðVÞÞ curves, we examine how the incremental capacity curve evolves over

selected voltage intervals. Specifically, segments of the incremental capacity curve

within a certain voltage interval are extracted from two RPT tests (the week 0 RPT and
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the week 3 RPT, respectively). Then, two major summary statistics—the mean and

the variance—of the difference between these two extracted segments are used

as features to reflect the evolution of the incremental capacity curve within this

voltage interval during the 3 weeks. Rather than manually identifying the voltage in-

terval, a grid search method is employed to find an optimal voltage interval with the

highest correlation between feature and lifetime (see "extracting features from in-

cremental capacity data" for more details). The voltage interval search result using

the mean summary statistics is shown in Figure S9 of the supplemental information.

We find the voltage interval that produces the highest linear correlation with cell

lifetime is a mid-range where the upper and lower voltage limits are centered

around prominent peaks in the incremental capacity curves at 3.60 V and 3.90 V.

Figure 3C shows that the change in incremental capacity in this range is inversely

proportional to lifetime. The new feature captures the change in incremental

capacity intensity, calculated as the mean change in mAh/V over the middle

voltage interval, meanðDdQ =dV3:60V� 3:90V
w3�w0 ðVÞÞ = meanðdQ =dV3:60V� 3:90V

w3 ðVÞ �
dQ =dV3:60V� 3:90V

w0 ðVÞÞ; see Figure 3D. This new feature shows a much stronger cor-

relation with cell lifetime and better explains the variance in our dataset compared

with the traditional feature varðDQw3�w0ðVÞÞ.

The new feature derived from the incremental capacity curve likely captures

the rate of active material loss during early life. This idea is supported by degrada-

tion diagnostics literature, which shows that changes in the intensity of the incre-

mental capacity (mAh/V) curve at constant voltage correspond to a loss of active

material.1,33–35 Also, a close relationship between this feature and average cycling

stress, with a Pearson correlation coefficient of 0.89, can be found in Figures S11

and S14 of the supplemental information, where an increase in our proposed

feature is accompanied by an increase in the Stressavg feature introduced in "ex-

tracting features from cycling conditions." Based on the assumption that higher

stresses induced during cycling are likely to cause more loss of active materials,

the found relationship helps back up our hypothesis that this incremental capacity

feature captures the loss of active materials in general. Additional analysis to un-

derstand this feature regarding degradation information is included in Note S8

of the supplemental information. Additionally, we use the upper and lower voltage

limits imposed during cycling to create two more intervals, 3.00 � 3.60 V and 3.90

� 4.20 V. We then extract two features from each voltage interval using the mean

and variance summary statistics. In total, we extracted six features from DdQ=

dVðVÞ, two from each of the three voltage intervals using the mean and variance

summary statistics.

Lifetime modeling work on NMC/Gr cells by Smith et al.36 showed that the capacity

fade rate due to cycling tracked nearly linearly with the square-root-of-cycling

throughput, calculated as ðCchgDoDÞ0:5, where Cchg is charging C-rate, and DoD is

depth of discharge for the experiments. This metric is described as tracking the con-

centration gradient of lithium ions in the cathode active material and is a proxy for

diffusion-induced stress.36–38 We further investigate this feature as a model input

for early-life prediction (‘‘extracting features from cycling conditions’’) and as a

condition-level grouping variable for our hierarchical Bayesian modeling approach

(‘‘hierarchical Bayesian models for early prediction’’).

In addition to the incremental capacity and stress-related features, the processes of ex-

tracting features from other data sources (e.g., differential voltage, constant-voltage
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charging segment, and capacity fade) are reported in Note S9 and Note S10 of the sup-

plemental information. By extracting features froma total of 6 sources, we obtained a set

of 29 candidate features, outlined in Table S2 of the supplemental information. All the

early-life features in this work were extracted from C/5 cycles in RPTs.

Partitioning data for machine learning and feature selection

Dataset partitioning was done at the group rather than the cell level, for three

reasons. First, practical battery aging tests for product validation typically cycle mul-

tiple cells under the same conditions to capture the aging variability due to

manufacturing. Second, it is desirable to build an early prediction model to predict

the lifetimes of cells cycled under previously untested conditions. Finally, although

building an early prediction model with cells tested under rapidly accelerated aging

conditions is useful in minimizing the time and costs of collecting aging data, one

cannot preemptively know the lifetime (before tests), so grouping must be done us-

ing an alternative indicator of cell lifetime. Since the depth of discharge is the domi-

nant cycling stress factor impacting the battery lifetimes in our aging dataset (Fig-

ure 4A), this was used to determine the dataset partitioning.

We first separate our dataset into a high-DoD region and a low-DoD region, with a

boundary at 40% depth of discharge (Figure 4A). In the high-DoD region, we further

divide the data into a training set and an in-distribution high-DoD test set. The high-

DoD test set is used to evaluate themodel’s prediction accuracy for cells with conditions

similar to the ones the model was trained on. Last, we assign all data in the low-DoD re-

gion ð<40%Þ to a second test set used to test the model’s ability to extrapolate to un-

seen test conditions. The dataset split is also visualized in Figure 2A, where each axis is

one of the three cycle aging stress factors
�
Cchg; Cdchg; DoD

�
, and the marker color in-

dicates the data subset that the group belongs to. The training set contains cells with

lifetimes ranging from 3.7 to 36.6 weeks, and the high-DoD test set has cells with life-

times between 5.2 and 31.6 weeks. On the other hand, the low-DoD test set is more

diverse, with lifetimes ranging from 9.7 to 60.9 weeks. Histograms of cell lifetimes for

each data subset are visualized in Figure 4B.

After extracting a total of 29 features, down-selecting a smaller feature subset is

required before training machine learning models for a couple of reasons. First,
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Figure 4. Overview of data partition and feature selection

(A) Scatterplot of mean group lifetime vs. DoD; marker color indicates train/test subset.

(B) Histogram showing each subset’s distribution of cell lifetimes.

(C) Mean and standard deviation of RMSElogðEOLÞ for 5-fold repeated cross-validation on the ten candidate models.
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some features are strongly correlated with one another, known asmulticollinearity. A

model trained with collinear features can be sensitive to minor changes in the feature

values and may extrapolate poorly.39 Second, while the new dataset is large (225

cells) relative to existing publicly available aging datasets, it is still considered small

for training a machine learning model. Small datasets require special care to avoid

overfitting and to improve generalization performance on unseen test data. This is

especially the case when the number of training points is not significantly larger

than the number of features ðNdata [NfeaturesÞ. Therefore, it is crucial to select a

subset of highly predictive features before training.40,41 We performed stepwise for-

ward feature selection on the training dataset following the method described in

"feature selection." To avoid poor performance on the test sets due to overfitting,

we performed a 5-fold cross-validation study five times, using up to 10 features.

With the cross-validated errors, including the mean and standard deviation for

each candidate model, one can evaluate the candidate feature subsets from two as-

pects. As the mean of RMSEEOL decreases, the feature subset fits this training set

better in general. As the standard deviation increases, the feature subset yields

larger run-to-run variation for different folds, which indicates unstable performance

on prediction. So, when selecting features, one must consider both aspects simulta-

neously to ensure good performance, especially for extrapolating to the low-DoD

test set. The trends of the mean and standard deviation of cross-validation

RMSElogðEOLÞ of this trial are reported in Figure 4C, and the selected feature in

each step is listed in Table 1. The model with two features, namely

logðmeanðDdQ =dV3:6V � 3:9V
w3�w0 ðVÞÞ and logðjDCV Timew3�w0ÞjÞ, has the lowest run-

to-run variance and relatively low mean error RMSEEOL. Adding a third feature to

the set, DoD, produces a model with lower mean RMSEEOL but increases the run-

to-run variation. For a more comprehensive evaluation, we compare the results of

models trained using both two and three features.

Predicting lifetime using machine learning models

There are two types of machine learning models used in this study: one is elastic net

regression, and the other one is the HBM. Except for the dummy model and HBM,

the rest of the models compared in this section are trained with elastic net models

Table 1. Stepwise forward search results

Step number Selected feature Description

1 logðmeanðDdQ =dV3:6V �3:9V
w3�w0 ðVÞÞ best incremental capacity feature from

‘‘extracting features from incremental capacity
data’’ (shown in Figure 3C)

2 logðjDCV Timew3�w0jÞ change in CV hold time (see Note S10 of the
supplemental information)

3 DoD depth of discharge

4 DQ1
w3�w0 change in DVA-based capacity QDVA;1 (see

Note S9 of the supplemental information)

5 Cchg
0:5DoD0:5 charge-induced stress (see ‘‘extracting features

from cycling conditions’’)

6 Cchg charging C-rate

7 logðvarðDdQ =dV3:0V � 3:6V
w3�w0 ðVÞÞ variance of low-voltage incremental capacity

feature (see ‘‘extracting features from
incremental capacity data’’)

8 DQ3
w3�w0 change in DVA-based capacity QDVA;3 (see

Note S9 of the supplemental information)

9 logð��meanðDdQ =dV3:0V � 3:6V
w3�w0 ðVÞ��Þ mean of low-voltage incremental capacity

feature (see ‘‘extracting features from
incremental capacity data’’)

10 logðjDCV Timew0jÞ CV hold time of the initial RPT (see Note S10 of
the supplemental information)
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on different feature sets. To predict the lifetime, we initially establish a pair of base-

line models. The first baseline model is a dummy model that does not use any input

features or have any trainable parameters, and instead, it predicts the mean cell life-

time of the training set for all cells. This is a good way to determine if a more complex

model is truly learning new information from the input data or instead only appears

to be learning because of similar training/test dataset distributions that lead to

similar error metrics. When tested on the two test datasets, the dummy model

achieves MAPEEOL of 31.5% and 47.5% on the high-DoD and low-DoD test sets,

respectively. The error metrics for all models tested are shown in Table 2.

The second baseline model is built using only the cycling condition parameters as

input features. This model predicts lifetimes without using cell-specific aging mea-

surements. This model achieves an MAPEEOL of 19.0% and 23.7% on the high-

DoD and low-DoD test sets, respectively. The substantial decrease in prediction er-

ror over the dummy model shows that the usage parameters convey a significant

amount of information that can be used to predict lifetime accurately. This result

is expected, as a great deal of battery lifetime modeling work36,42,43 has already

explored the strong connection between usage and degradation. However, only us-

ing condition-level cycling features does not account for intrinsic cell-to-cell vari-

ability. Hence, the next set of models we tested included cell-level features ex-

tracted from the early aging data.

The first cell-level feature model is the ‘‘discharge model’’ described in Severson

et al.5 and ‘‘extracting predictive features from early usage data.’’ This model, and

all other models built on cell-level inputs, use features extracted from the RPTs of

weeks 0 and 3, which is just under 18% of the average lifetime. The original

‘‘discharge model’’ has six features, with five of them from statistics of DQðVÞ curves
and one feature DQmax� 2 capturing the capacity recovery at initial cycles. Due to the

monotonic decreasing capacity trajectories observed in our dataset, an analogous

feature for DQmax� 2 cannot be extracted and thus is omitted. The main feature

included is varðDQw3�w0ðVÞÞ; however, we found that this did not completely

describe the variance in our dataset. When tested on the high- and low-DoD test da-

tasets, the discharge model achieved 28.0% and 24.8% MAPEEOL, respectively. The

performance on the two test datasets is slightly worse than the cycling condition

Table 2. Prediction errors for selected models tested using the high- and low-DoD test datasets

Model Nfeature

MAPE (%) RMSE (weeks)

Training High DoD Low DoD Training High DoD Low DoD

Dummy model 0 35.0 31.5 47.5 6.5 4.8 18.5

Cycling conditions 3 24.8 19.0 23.7 4.0 3.3 9.8

Discharge model5 5a 23.9 28.0 24.8 4.6 4.7 11.5

Degradation-
informed

2 17.3 16.0 24.4 3.2 3.0 7.8

Degradation-
informed

3 16.5 15.1 33.0 3.1 2.8 9.7

HBM 2b 18.6 16.9 21.8 3.3 3.1 7.3

HBM 3b 17.4 15.8 24.1 3.1 2.9 7.5
aThe discharge model5 contains six features, with one of them being the difference between the

maximum capacity and capacity at cycle two, DQmax� 2. However, this feature cannot be calculated for

our dataset due to the partial depth of discharge cycling and the continuously decreasing capacity-

fade curves for all cells and has thus been omitted.
bThe number of features listed refers to the number of cell-level input features. For both HBMs, a single

cycling condition-level feature is used for grouping cells, and, as indicated in the table, either two or three

cell-level features are used for regression.
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model, yet still better than the dummymodel, indicating that the features used in the

discharge model do carry useful information but are not optimal for our dataset (see

Table 2).

The remaining models we compare are the degradation-informedmodel and HBM.We

refer to our elastic net models as degradation-informed in Table 2 because of the newly

developed degradation-based features used as model inputs. Both the degradation-

informed model and HBM use the same sets of input features, and for thoroughness,

we compare models built using two and three features each. Compared to the cycling

condition baseline, the two-feature elastic net model shows decreased MAPEEOL on

the high-DoD test of 16.0% and a slight increase in error on the low-DoD test set to

24.4%. However, the RMSEEOL of the low-DoD test set drops considerably from 9.8 to

7.8 weeks. For the HBMs, we observe small increases in the training and the high-

DoD test errors with a noticeable improvement in the low-DoD test errors over the

degradation-informed models using the same set of features.

For both the degradation-informed and hierarchical models, we observe that including

the third feature decreases model prediction error on the training and high-DoD test

datasets but increases error for the low-DoD test dataset. When the third feature is

added, both models overfit the training dataset and exhibit poor extrapolation capa-

bility to the low-DoD test dataset where the cells have longer lifetimes. Regardless, the

HBM trained with three features still performs better when predicting the low-DoD test

set compared with its elastic net counterpart. Generally, by comparing the evaluation

metrics of the two models (degradation-informed model and HBM), we find that the

HBM has better generalizability to the low-DoD test set but at the cost of slightly

higher training and high-DoD test errors.

The large improvement in performance observed for models using cell-level (as

opposed to only using cycling condition features) features prompts us to further

investigate why the feature logðmeanðDdQ =dV3:6V � 3:9V
w3�w0 ðVÞÞ explains cell-to-cell

variability better than other features. Firstly, it is more accurate to use measured

health metrics from individual cells in operation to predict their lifetime. This re-

veals the intrinsic cell-to-cell variability that could cause different aging behaviors

under identical cycling conditions. Secondly, this optimized feature, which likely

captures how much loss of active material happens during early life, has a

balanced representation of the variability within the group and among the entire

dataset.

In summary, we find that the best feature logðmeanðDdQ =dV3:6V � 3:9V
w3�w0 ðVÞÞ explains

the cell-to-cell variability well for a majority of cells. The remaining variance in the

feature-lifetime correlation may be contributed jointly by measurement inaccuracy

and unexplained manufacturing variability. Hence, our analysis of the results sug-

gests that a predictive early-life feature should capture the variability introduced

by the difference in cycling conditions and information about intrinsic cell-to-cell

variation that causes different performances under identical loads. Also, our feature

engineering methodology (‘‘extracting features from incremental capacity data’’)

can be extended to find good features for other cell chemistries. Additional analyses

on benchmarking different feature subsets and machine learning models are

included in Note S16 of the supplemental information.

Analysis of HBM results

The probabilistic nature of HBMs enables us to extract a deeper understanding by

considering both the mean and the uncertainty of lifetime predictions. Assuming
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individual cluster fitting parameters and noise variance, qj and sj respectively, are in-

dependent, the posterior predictive distribution can be written as

p
�
y�
j

���Yj

�
=

ZZ
p
�
sj

��Yj

�
p
�
qj

��Yj

�
p
�
y�
j

���qj ;sj

�
dqjdsj; (Equation 1)

where y�j is the predicted lifetime of a new cell belonging to the j th group, and Yj

represents all lifetime observations associated with the j th group. For a point-

wise prediction, one can estimate the mean value of pðy�j jYjÞ. Table 2 lists the perfor-

mance of the HBM built using two different feature sets. The first uses two cell-level

features, logð��meanðDdQ =dV3:6V � 3:9V
w3�w0 ðVÞ��Þ and logðDCV Timew3�w0Þ, and achieves

3.1 weeks RMSE and 16.9% MAPE for the high-DoD test set, which is almost the

same as the performance of the degradation-informed model using the same

feature set, while for the low-DoD test set, the HBM achieves 7.3 weeks RMSE and

21.8% MAPE, which outperforms the degradation-informed model by 7% and

10% for RMSE and MAPE, respectively.

Similar to the degradation-informedmodel, we observe that the HBMmodel overfits

the training dataset when the third feature ðDoDÞ is added. This is evident by the

increased performance on the training and high-DoD test set but worse perfor-

mance on the low-DoD test set. Specifically, under the high-DoD test set, RMSE

improved from 3.1 to 2.9 weeks, and MAPE improved from 16.9% to 15.8%. Howev-

er, for the low-DoD test set, RMSE increased from 7.3 to 7.5 weeks, and MAPE

increased from 21.8% to 24.1%. Notably, the HBM shows more resistance to over-

fitting than the degradation-informed model, whose performance decreased sub-

stantially more than the HBM when the third feature was included in the feature

set. Similar results can also be found in Tables S3 and S4 of the supplemental infor-

mation, where the HBM consistently shows better robustness on unseen test sam-

ples (i.e., the low-DoD test set) compared to elastic net models on different feature

sets or different machine learning algorithms on the same feature set.

Figure 5B shows the uncertainty (2 standard deviations) of pðy�j
���YjÞ for posterior life-

time predictions of each cluster. The uncertainty levels for clusters 0 and 1 are

around G 4.5 weeks (at 2 SD), whereas for clusters 2 and 3, the uncertainty levels

are around G 9.5 and 10.5 weeks, respectively, which reflects the model’s uncer-

tainty when predicting cells from unseen cycling conditions. According to Table 3,

there are only 12 cells from cluster 3 in the training set, while there are 23 cells from

cluster 3 in the low-DoD test set. Due to the lack of data, the uncertainty for all

regression parameters ðq3 ;s3Þ for cluster 3 is much larger than that of clusters

0 and 1. On the other hand, as the prediction uncertainty becomes large for

long-life cells, uncertainty itself can be used as an indicator to denote whether

one should include more early-life data for feature calculation. For example,

when running HBM in a forward mode (using the trained model to give predictions),

for test samples in cluster 3, large prediction uncertainty is observed (>10 weeks).

One may consider including the 4th or 5th week of training data to retrain the model

so that the prediction uncertainty on cluster 3 test samples can be reduced. Since

the used 3 weeks of training data only take up 7% of the average lifetime for cluster

3 samples, using 1–2 more weeks train data still only covers the very early stage of

these long-life cells.

Further analysis of uncertainty for model parameters can be found in Note S15 of the

supplemental information. This uncertainty on both lifetime predictions and model

parameters can be more beneficial to real-world applications compared to only a

point-wise prediction. For example, instead of knowing the exact EOL lifetime,
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customers care more about a warranty for the worst-case lifetime, which can be satis-

fied by using the standard deviation of prediction distributions.

In this study, we have developed two data-driven models to tackle the problem of

battery early-life prediction on a large and unique aging dataset, which consists of

225 NMC cells cycled under a wide range of charge and discharge C-rates (0.5 C–

3 C) and DoDs (4%–100%). Our feature engineering process identifies a new

predictive feature, meanðDdQ =dV3:60V� 3:90V
w3�w0 ðVÞÞ, derived from incremental capacity

curves and closely related to the degradation induced by loss of active materials.

Also, our analysis shows that the widely used DQðVÞ features in the existing early

prediction literature may not explain cell-to-cell lifetime variability within our

dataset.

In terms of results, two distinct machine learning models are trained to predict the life-

time. Our degradation-informed model, trained using elastic net regression, yields 3.0

and 7.8 weeks RMSE and 15.1% and 33.0% MAPE on the high- and low-DoD test

sets, respectively. The HBM produces 3.1 and 7.3 weeks RMSE and 16.9% and 21.8%

A B

Figure 5. Overview of HBM prediction results

(A) Relationship between logð��meanðDdQ =dV3:6V � 3:9V
w3�w0 ðVÞ��Þ and true lifetime across different clusters and train-test split (‘‘Test’’ denotes samples from

both high- and low-DoD sets). Fits, corresponding to mean parameter values, are plotted for each cluster.

(B) Predictions for each cluster with 2 standard deviations as the corresponding error bar for each sample. The embedded histograms show a summary

of error bars.

Table 3. Summary of train-test split for each cluster

Cluster ID Stressavg

n samples

Training High-DoD test Low-DoD test

0 1.12 30 18 0

1 0.95 41 24 4

2 0.76 33 18 22

3 0.51 12 0 23

Total 0.86 116 60 49

ll
OPEN ACCESS

14 Cell Reports Physical Science 5, 101891, April 17, 2024

Article

42



MAPE for the high- and low-DoD test sets, respectively. While the HBM shows perfor-

mance improvement for point-wise predictions on the low-DoD test set, it also gives un-

certainty information for its predictions, which can be used in applications like the cell

lifetime warranty. And we found that the uncertainty grows across groups with the

decrease of cycling stress factor Stressavg, which indicates the lack of observability for

cell-to-cell differences from early-life features, and thus more cycling time range may

need to be included for cells under mild cycling conditions.

A limitation of this work is that the models are demonstrated on battery aging data

collected in a well-controlled laboratory setting under constant cycling conditions

over the life of the cells. However, depending on the applications, battery data

from real-world applications may be more variable and noisy, posing a challenge

to feature extraction and lifetime prediction. To investigate this further, we will

expand the dataset by aging cells using electric grid duty cycle protocols (e.g., pro-

tocols simulating peak shaving and frequency regulation). This duty cycle dataset is

currently being collected in the Reliability Engineering and Informatics Laboratory at

the University of Connecticut. It will add a valuable addition to the ISU-ILCC dataset,

particularly in evaluating lifetime models on cells with dynamic cycling profiles.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Requests for any additional information about this work should be directed to the

lead contact, Chao Hu (chao.hu@uconn.edu).

Materials availability

No new material was generated in this study.

Data and code availability

� The battery aging dataset collected and used for this work is available for

download from the open-access data repository of Iowa State University

(Iowa State University DataShare) at https://doi.org/10.25380/iastate.

22582234.44 Please refer to the dataset as the ISU-ILCC NMC/Gr battery aging

dataset. A sample code for preprocessing the data is included.

� The code for feature extraction and early prediction modeling is available at

https://doi.org/10.5281/zenodo.10648587.

Cell and tester specifications

The Li-ion cells used in this study were commercial 502030 size Li-polymer cells with

NMC as the positive electrode and graphite as the negative electrode, manufac-

tured by Honghaosheng Electronics in Shenzhen, China. The rated capacity is

250 mAh (giving 1 C as 250 mA), and the operating voltage ranges from 3.0 to

4.2 V. All cells were tested on two 64-channel Neware BTS4000 battery testers, in

thermal chambers set at 30�C.

Battery aging test design

The aging experiments were designed around three main stress factors that impact

battery lifetime: charge rate ðCchgÞ, discharge rate ðCdchgÞ, and depth of discharge

ðDoDÞ. To make the scope of our aging campaign manageable and work within

the limitations of our equipment, we decided not to introduce temperature as an

additional variable stress factor. Therefore, as also mentioned in ‘‘cell and tester

specifications,’’ all cells were placed in thermal chambers set at 30�C over the entire

span of the aging experiments. The design of experiments for our aging campaign

ll
OPEN ACCESS

Cell Reports Physical Science 5, 101891, April 17, 2024 15

Article

43



involved deliberately subjecting various groups of cells to different stress levels be-

tween RPTs, achieved by randomly sampling the three stress factors within a wide

design space. This treatment contributed to a wide distribution of the EOL in this da-

taset. However, this aging dataset is limited in reflecting realistic usage profiles,

particularly dynamic charging/discharging profiles where the charge and discharge

rates vary rapidly over time.

To track the full discharge capacity of cells with partial depths of discharge cycling,

we periodically ran RPTs that measured cell capacity and gathered complete QðVÞ
data for feature engineering. Each RPT consisted of two cycles performed at slow

rates (C/2 and C/5) to capture cell voltage response while minimizing the impact

of the cell kinetics. Before beginning the aging tests, an initial RPT was conducted

to determine the beginning-of-life health. Aging tests consisted of 1 week of

cycling followed by an RPT, and they were repeated until cell capacity decreased

below 200 mAh (80% of the rated capacity). In real field operations, the necessity

of incorporating RPTs to obtain consistent measurements (e.g., capacity-voltage

data) from cells varies. Taking electric vehicles (EVs) as an example, the onboard

charge controller could regulate the charging process, ensuring all EVs of the

same model operate under certain constant-current conditions until sufficient

data are collected. Then, data-driven diagnostics or prognostics can be achieved

solely based on these data.45 However, in grid storage applications, both the

charging and discharging profiles can be random and noisy in operation, especially

the profiles for frequency regulation.46 Extracting clear predictive features can be

practically infeasible in these applications. Therefore, periodic RPT cycles can

help collect consistent measurements to estimate the state of health and predict

lifetime. Since the grid may have multiple power-generation sources (e.g., power

plants, wind farms, and solar farms) and large battery storage systems, the down-

time of battery storage systems during diagnostic cycles, ideally executed in alter-

nating batches, would have less impact on the overall operation of the grid or stor-

age system. Furthermore, the frequency of RPTs can be less often, i.e., monthly or

quarterly, to provide flexibility and avoid disruption in real applications—the

weekly frequency in our aging campaign is to capture the rapid degradation due

to the nature of the accelerated aging test.

As previously mentioned, four cells were cycled at each test condition. We refer to a

specific cell using its group number and cell identifier, e.g., G7C3, where the

numbers following each letter indicate the group and cell, respectively. Initially,

we aimed to study two stress factors: DoD and Cchg. Conditions were selected using

a grid search, with the discharge rate fixed at 0.5 C for all cells. Later, we expanded

the dataset to study the third stress factor, Cdchg. Additional conditions were then

selected using random sampling. The charge/discharge rates and depths of

discharge were sampled evenly from the ranges 0.5 C–3 C and 25%–100%,

respectively.

The cycling conditions for all cell groups can be found in Table S1 of the supple-

mental information. However, the depth of discharge design values do not exactly

match the measured depths of discharge from the cycling experiments. When we

programmed the cycling protocols, we determined the cutoff voltages using

a reference discharge capacity vs. voltage curve from a cell cycled at C/2. Unfor-

tunately, the voltage hysteresis that the cells experience under C/2 discharge

causes the cells to reach the cutoff voltage quicker than expected, thus

causing the difference between the measured and designed depth of discharge.

In this paper, we present and discuss the depth of discharge using the actual
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measured values since they more accurately represent the test conditions the cells

experienced.

Extracting features from incremental capacity data

Extracting features from incremental capacity curves is a natural extension to using

the QðVÞ discharge curve since it is defined over the same fixed voltage range for

every cell. After fitting a spline and downsampling each cell’s QðVÞ curve to 1,000

points, we calculated incremental capacity ðdQ =dVðVÞÞ as a finite difference

approximation (difference quotient) of the first derivative of QðVÞ based on mea-

surements of theQ and V time series.5 It is well documented that incremental capac-

ity analysis is an effective method for cell degradation diagnostics.1,33,47 Measuring

changes to the incremental capacity curve over the lifetime enables the diagnosis of

different degradation modes, specifically loss of lithium inventory, and loss of active

material in each electrode. Hence, we calculate core summary statistics of DdQ=

dVðVÞ over a partial voltage interval so as to focus the feature extraction on specific

areas that may correspond to specific degradation modes. This approach is inspired

by work in Greenbank and Howey,13 where the authors showed a strong correlation

between the time a cell spends in a specific voltage interval and its capacity loss,

although here the incremental capacity curve is a result of degradation rather than

a cause. Instead of manually specifying the voltage interval to calculate the summary

statistics, we exhaustively searched the entire 3.0� 4.2 V range in increments of 0.01

V, with a minimum window size of 0.02 V searching for the maximum Pearson corre-

lation coefficient.

Literature in this field reports a wide range of possible features for lifetime predic-

tion, either derived from capacity, voltage, and temperature measurements during

cycling or other measurements such as impedance spectra from electrochemical

impedance spectroscopy.5,11,13,19,22 Most of these features are hand-crafted based

on direct mathematical manipulation and are not always optimized for maximum

correlation with lifetime. As a distinction from other feature extraction processes,

the method we used to extract the DdQ=dVðVÞ feature optimizes the correlation co-

efficient by an exhaustive grid search. So, even though the optimal voltage interval

identified for our aging dataset, i.e., 3.60 � 3.90 V, may not directly apply to other

aging datasets, the general methodology of optimizing a voltage interval when

identifying early-life features allows researchers the possibility of extracting features

of higher predictive power from their own datasets.

Extracting features from cycling conditions

As briefly mentioned in ‘‘extracting predictive features from early usage data,’’ we

consider a set of stress-related features for early-life prediction, which is

Stresschg = Cchg
0:5DoD0:5. This feature captures the square-root-of-cycling charge

throughput and is a proxy for diffusion-induced stress in the electrode active mate-

rials.36–38 In addition to the charge-based feature, we also calculate a discharge

feature, Stressdchg = Cdchg
0:5DoD0:5. Further, to capture the effects of different

charge and discharge rates in a single feature, we calculate an average stress feature

as Stressavg = ðStresschg + StressdchgÞ=2 and also calculate a multiplicative stress

feature as Stressmult = Stresschg$Stressdchg. For all features, we use the measured

DoD from the first week of cycling in the calculation. A unique characteristic of these

features is that they require no cell-specific measurements, assuming the calculation

of DoD is accurate and accounts for voltage hysteresis. For this reason, these fea-

tures are excellent candidates as condition-level grouping variables in our hierarchi-

cal Bayesian modeling approach to early prediction (see ‘‘hierarchical Bayesian

models for early prediction’’).
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Feature selection

To minimize collinearity and the risk of overfitting, we perform stepwise forward se-

lection using a linear model and repeated cross-validation with RMSEEOL as the eval-

uation metric. Starting with a null model, one feature is added to the model for each

step until the number of selected features reaches a preset threshold ðNfeature = 10Þ.
During each step, all features are tested in the model, and the feature that reduces

the mean of the cross-validation RMSEEOL the most is selected and added to the

model for the next step. Simultaneously, we evaluated the selected model at each

step using the standard deviation of the cross-validation RMSEEOL. We then select

the features to use corresponding to the set with a balance between low mean

and small standard deviation of cross-validated RMSEEOL. In practice, we tend to-

ward selecting fewer features so that the resulting model will be less complex and

extrapolate better.

Elastic net regression for lifetime prediction

To predict cell lifetime, we formulate a regression problem with the extracted early-

life features X = ½x1; x2;.; xm� as inputs and the measured cell lifetimes y =

½y1; y2;.; yn�T in logarithmic scale as outputs, wherem is the number of early-life fea-

tures, and n is the number of cells. Each element of X is a column vector containing

the specific features selected through the technique introduced in ‘‘feature selec-

tion.’’ We assume that the lifetime is a linear function of the early-life features, giving

by = f ðXÞ = b0 +Xb1; (Equation 2)

where b0 is an n31 column vector of the intercept, and b1 is a vector of coefficients,

one for each feature, b1 = ½b1;b2;.;bm�T .

To find the coefficients of this equation, we formulate an optimization problem with

elastic net regularization, which is a combination of L1 and L2 penalization. The

objective function is

bb = argmin
b0 ;b1

�
ky � b0 � Xb1Þk22 + l

�
1 � a

2

��bk22 + a
��bk1		; (Equation 3)

where a and l are hyperparameters that control the balance between the L1 and L2
penalties and the magnitude of regularization, respectively. To select optimal values

of a and l, we perform repeated cross-validation using randomized dataset splits.

Hierarchical Bayesian models for early prediction

As a comparison and contrast to the method in the previous section, we also

consider HBMs for lifetime prediction. These have a layered structure that canmodel

changes in the feature-target relationship throughout the dataset. HBMs have been

applied tomodel naturally structured data in various research fields, from ecology to

sociology, psychology, and computer vision.48,49 Several studies in the battery field

explored the concept of HBM to solve different problems, such as estimating the

state of health against Ah throughput50 and identifying parameters of an equivalent

circuit model.51 However, their applications were not early-life prediction, and the

model structures adopted in their studies differed from those used in this work.

Clustering for hierarchical modeling

For our problem of early-life prediction, features can be viewed as coming from two

levels: the ‘‘cycling condition’’ level and the ‘‘individual cell’’ level. Condition-level

features relate to user-defined test protocols rather than measured data. For our da-

taset, the charge/discharge C-rates and depth of discharge (Cchg, Cdchg, DoD), and

any mathematical combination of these are all condition-level features. In contrast,
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features that require specific cell measurements during cycling are considered cell-

level features. Features such as meanðDdQ =dV3:60V� 3:90V
w3�w0 ðVÞÞ and varðDQw3�w0ðVÞÞ

are examples of cell-level features that are unique to each cell.

To validate the hypothesis that conditional-level features have a strong impact on

the relationship between cell-level features and lifetime, we calculate the condi-

tion-level feature Stressavg = ðCchg
0:5DoD0:5 +Cdchg

0:5DoD0:5Þ=2 described in ‘‘ex-

tracting features from cycling conditions.’’ This represents the average diffusion-

induced stress that a cell experiences.36 To take advantage of an HBM’s ability to

model the change in feature-target relationship across different levels, we

investigate clustering cell data based on cycling conditions, quantified by average

stress ðStressavgÞ. In general, we expect cells with similar average stress levels

to share the same feature-lifetime relationship, enabling the HBM to better fit the

dataset. We adopt a constrained K-means clustering algorithm,52 which is an

improved version of the traditional K-means algorithm that imposes minimum and

maximum cluster size limits. An optimal cluster number K = 4 is used in later analysis,

where details can be found in Note S15 of the supplemental information.

Bayesian hierarchical linear model

Similar to the HBM used in our preliminary study,53 the model in this study also has a

bi-level structure, as shown in Figure 6. The first level considers the cycling condition

parameters. As mentioned previously, cells are first divided into four clusters (in-

dexed from 0) based on their average stress Stressavg, calculated using the cycling

condition parameters.

At this level, we aim to find the mapping (parameterized by g;s) between condition-

level features ðgjÞ and the cell-level regression parameters ðqj ; sjÞ. Notice that,

different from Zhou and Howey,53 the noise terms sj are assumed to come from

the same hyper-prior distribution HalfCauchyðsÞ:
qj = gugj

sj � HalfCauchyðsÞ (Equation 4)

After the coefficients ðqj ; sjÞ are decided for each cluster, the individual cell-level

regression is built as the second level of the HBM. The cell-level regression uses

Figure 6. Overview of HBM structure

Model parameters can be classified as either individual-level ðqj ;sjÞ or conditional-level ðg;sÞ; j
represents cycling condition group index, i represents individual cell index, yji represents lifetime

of i th cell in j th cycling group. The two-level structure allows the individual cell-level feature-label

ðxji � yjiÞ relationship to vary with cycling condition based on cycling condition-level features ðgjÞ.
The hyper-priors are assumed to be g � Nðg = 0; 10Þ and s � HalfCauchyðb = 1Þ.
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individual health features ðxjiÞ and coefficients ðqj ;sjÞ to give lifetime predictions

ðyjiÞ for individual cells.

yji � N
�
qj

uxji ; s
2
j

�
(Equation 5)

The overall training objective is to infer posterior distributions for both the condi-

tion-level model and the individual cell-level models, Pðqj
��YjÞ and PðgjfYgÞ respec-

tively, where Yj represents lifetimes from only the j th group but fYg represents

data from all lifetimes. More details about the training procedure are included in

Note S14 of the supplemental information.

Model evaluation metrics

We use two standard error metrics to evaluate the lifetime prediction accuracy of our

approaches, namely, mean absolute percentage error ðMAPEEOLÞ and root mean

squared error ðRMSEEOLÞ, both calculated using the measured and predicted values

of cell lifetime on a linear scale. The metrics are

MAPEEOL =
1

n

Xn

i = 1

����y i � by i

y i

����3 100% (Equation 6)

RMSEEOL =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

i = 1

ðy i � by i Þ2;
s

(Equation 7)

where y are the measured cell lifetimes, by are the predicted cell lifetimes, and n

is the number of cells. These two error metrics are commonly used to measure

the prediction accuracy in regression problems. MAPE measures the overall pre-

diction error on a percentage scale, while RMSE penalizes predictions with larger

errors, making this error metric more sensitive to outliers.54 Lower values are more

desirable for both error metrics, indicating the model has better prediction

accuracy.

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.xcrp.

2024.101891.
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3 | Physics-informed data-driven models for SOH

estimation

3.1 Preface

This chapter is based on the following publication:

[3] Zhou Zihao, Antti Aitio, and David Howey. "Learning Li-ion battery health

and degradation modes from data with aging-aware circuit models." Applied En-

ergy 397 (2025): 126375.

In the previous chapter we showed that data-driven methods, when combined with care-

fully extracted health features, can achieve good lifetime prediction accuracy. However,

in reality, a point-wise prediction of the lifetime is not sufficient. For example, BMSs

require accurate SOH estimates throughout the battery lifetime to support more reliable

daily state-of-charge (SOC) estimation and enable preventative maintenance. Moreover,

historical SOH estimates can be used for future extrapolation to get lifetime predictions.

As discussed in Section 1.3, both model-based and data-driven methods have been

proposed for SOH estimation. Pure data-driven approaches are relatively easy to pa-

rameterize and can achieve high estimation accuracy on lab-test datasets. However,

three difficulties limit the usage of proposed HBM for SOH estimation: First, the health

features may not be available across battery operation lifetime. Uniform individual level

features are normally extracted from controlled lab aging tests. For cells used in field,

limited depth of discharge, and highly dynamic cycling profiles makes feature extraction

challenging. Second, the mapping between health features and current SOH may vary

across battery operation lifetime, which means the HBM needs to be frequently retrained

or fine-tuned. This is different from EoL/RUL prediction, where the mapping between

health features and EoL/RUL labels only need to be learnt once on training data. Third,

at least dozens of training samples are required to capture feature-label mapping, which

makes it unable to address individual cells when only limited training data is available.
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Together with the varying feature-label relationship across lifetime, it is very challenging

for pure regression models like HBM to deal with lifelong SOH estimation problem.

On the other hand, model-based SOH estimation involves repeatedly parameterizing

a battery model—either equivalent circuit models (ECMs) or electrochemical models

(EMs)—to reflect SOH changes over time. As prior knowledge about battery dynamics

are encoded in these battery models, and SOH is often one of their model parameters,

it can be estimated for each individual cell only from its own cycling data, without

requiring other training samples. The major limitation arises from poor parameter

identifiability based solely on standard terminal voltage and current measurements. Due

to their relative simplicity compared to EMs, ECMs are more suitable for real-world

SOH estimation. However, their accuracy can degrade significantly when operating

conditions differ from those under which the model parameters were initially identified.

This is reflected in the variation of circuit parameters with changes in temperature and

SOC [51]. As a result, SOH estimation using ECMs may fail to converge, resulting in

an unstable aging trajectory estimation over battery lifetime.

In Chapter 3, to address these issues, we introduce an aging-aware ECM that incorpo-

rates a Bayesian nonparametric approach (Gaussian process regression, GPR) to model

ECM parameters as functions of both operating conditions and lifetime. A state space

formulation of a GP was used to convert the GPs into time-stepping models, enabling

inference with linear time complexity. Also, it enables the aging dynamics represented

by GPR being coupled with battery operation dynamics represented by ECM. Here, the

GPR is not built between health features and current SOH, it is built between discretized

aging times and life-long SOH labels, while the SOH labels are estimated through ECM.

The GPR is effectively used to capture and smoothing the long-term SOH decaying

trend, not transient mapping between health features and current SOH. Thus, it avoids

the difficulties mentioned previously for HBM. The model was built on approaches de-

veloped previously [79, 80] but with a simpler ECM emphasizing the importance of

the estimated resistance. It was found aging-induced shape changes of the OCV-SOC

curve largely influence estimates of the resistance function, which enables further esti-

mation for differential voltage curves. This approach effectively combines model-based
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and data-driven SOH estimation: the model-based component comes from the battery

dynamics described by the ECM, while the data-driven component uses GPR to capture

the dependency of the ECM functional parameters on operating conditions and aging.

3.2 Manuscript
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H I G H L I G H T S

∙ An aging-aware equivalent circuit model is proposed for battery health estimation.

∙ It estimates capacity and resistance only from operational data without labels.

∙ Changes of open-circuit voltage are strongly reflected in resistance estimation.

∙ It may enable an in operando estimation of differential voltage curves.

A R T I C L E I N F O

Keywords:

Battery 

Health 

Estimation 

Gaussian process 

State space 

Equivalent circuit

A B S T R A C T

Non-invasive estimation of Li-ion battery state-of-health from operational data is valuable for battery applica-

tions, but remains challenging. Pure model-based methods may suffer from inaccuracy and long-term instability 

of parameter estimates, whereas pure data-driven methods rely heavily on training data quality and quantity, 

causing lack of generality when extrapolating to unseen cases. We apply an aging-aware equivalent circuit model 

for health estimation, combining the flexibility of data-driven techniques within a model-based approach. A 

simplified electrical model with voltage source and resistor incorporates Gaussian process regression to learn 

capacity fade over time and also the dependence of resistance on operating conditions and time. The approach 

was validated against two datasets and shown to give accurate performance with less than 1 % relative root 

mean square error (RMSE) in capacity and less than 2 % mean absolute percentage error (MAPE). Critically, we 

show that changes from the open circuit voltage versus state-of-charge function will strongly influence the learnt 

resistance. We use this feature to further estimate in operando differential voltage curves from operational data.

1. Introduction

Lithium-ion batteries play an important role in the transition to 

clean energy. Demand is increasing rapidly for grid storage, electric 

vehicle and home energy storage applications [38]. One of the most 

crucial challenges for batteries is estimating their state of health (SOH). 

Accurate estimation of SOH improves lifetime, system safety, and costs 

of warranties and maintenance. Many studies [14,33,46] also discuss the 

importance of dealing with retired batteries, the number of which will 

increase drastically in the near future. Estimating the evolution of SOH 

from historical usage data is crucial for enabling possible ‘second-life’ 

applications that rely on accurate knowledge of battery residual value.

A commonly used SOH indicator, discharge capacity, normally 

requires the battery to undergo a low-rate constant-current discharge 

from 100 % to 0 % state of charge (SOC). This is time consuming, and 

therefore often not undertaken in real-world applications. Therefore, ex-

tensive studies have been done on faster capacity estimation methods 

[4,40]. These are usually categorised into model-driven and data-driven 

approaches. Model-driven methods use a specific battery model, such as 

an electrochemical model or electrical equivalent circuit model (ECM), 

and update the parameters by repeated fitting as the battery ages 

[10,25]. Electrochemical models usually need half-cell test data for 

parameterization and tend to suffer from parameter identifiability prob-

lems [23,24]. Equivalent-circuit models, the focus in this paper, have
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fewer parameters but are less connected to physical processes. Recursive 

state estimation techniques, such as extended Kalman filters [41] and 

particle filters [42], are often adopted for co-estimation of model states 

and parameters.

On the other hand, data-driven methods for capacity estimation try 

to map from carefully selected features to corresponding capacity val-

ues [19]. Several features indicative of battery usage and aging may 

be extracted from cell voltage, current, and temperature measurements 

[12,17,32]. Then, machine learning models such as support vector ma-

chines [8], random forests [20], neural networks [18], and Gaussian 

processes [28], have been used to capture the relationship between these 

features and capacity. Depending on the choice of inputs, data-driven 

models can be used either for estimating present SOH, or predicting the 

future SOH. If the learnt mapping is between input features and future 

capacity values, these models can be directly used for forecasting. The 

performance of machine learning models for battery health is largely 

determined by the breadth, quantity and accuracy of the data used for 

model training.

Moreover, capacity fade only represents one aspect of battery 

degradation—increasing impedance (often just represented by resis-

tance) also plays an essential role in battery health [9], leading to power 

fade, which is often correlated with capacity fade. Impedance values 

may be easier to estimate from cycling data and field data, where capac-

ity measurements are very challenging [27,36]. Many SOH estimation 

works treat impedance as a scalar or rely on a look-up table that needs 

to be calibrated in standard reference tests [22,25]. However, many 

experimental works show that impedance does change with operating 

conditions [31,39].

In this work, we use an aging-aware electrical equivalent circuit 

model to estimate both capacity and operando battery impedance (re-

sistance) from cycling data. The model parameters are described as 

functions of aging time and operating conditions (SOC and applied 

current in this case) and these functions are learned from data using 

Gaussian process regression. The model builds on former work [2] but 

with a simpler ECM emphasizing the importance of the estimated re-

sistance. Results show that the learned resistance function is strongly 

impacted by the assumptions about the battery open circuit voltage 

(OCV) versus SOC function. Specifically, aging-induced shape changes in 

OCV-SOC function are revealed indirectly through the learned resistance 

function. This leads to a method to estimate differential voltage (𝑑𝑉 ∕𝑑𝑄) 

curves indirectly from impedance data. Open-source datasets from two 

batteries with different cycling conditions were used to validate model 

performance. Our method not only gives accurate performance with less 

than 1 % relative RMSE and less than 2 % MAPE for capacity estima-

tion, but also enables 𝑑𝑉 ∕𝑑𝑄 estimation. Differential voltage analysis 

enables deeper understanding of battery aging by quantifying metrics 

such as loss of lithium inventory (LLI) and loss of active material in 

each electrode (LAM n 

, LAM p 

) [6,7].

2. Methodology

2.1. State space formulation of Gaussian processes

In this work Gaussian processes (GPs) are used to fit functions to 

data. Full details of GPs are documented in several books and papers, 

for example Williams and Rasmussen [44]—we give only a brief intro-

duction here. A Gaussian process (GP) is defined as a distribution of 

functions over input 𝐱, characterised by a mean and covariance, with 

the covariance defined by a kernel function 𝑘(𝐱, 𝐱 

′ ),

𝑓 (𝐱) ∼  

( 

𝑚(𝐱), 𝑘 

( 

𝐱, 𝐱 

′ 

)) 

. (1)

When this input includes both locations in space and time 𝐱 = (𝑠, 𝑡), 

it is often called a spatial-temporal Gaussian process [34],

𝑓 (𝑠, 𝑡) ∼  

( 

𝑚(𝑠, 𝑡), 𝑘 

( 

(𝑠, 𝑡), (𝑠 

′ , 𝑡 

′ ) 

)) 

. (2)

Without loss of generality, the prior mean function 𝑚(𝐱) may be set to 

zero. By assuming a measurement noise term 𝜖, the mapping between 𝐱

and 𝐲 can be expressed as 

y = 𝑓 (𝐱) + 𝜖, 𝜖 ∼  

(
0, 𝜎 

2
𝑛𝐈 

)
. (3)

To make predictions, we require the posterior predictive distribution 

at test samples 𝐗 

∗ based on observations from a labeled training set of

input-output data  =
{( 

𝐱 𝑖, 𝑦 𝑖 

)}𝑁
𝑖=1 

. In this case, the analytical solution

is given by [44],

𝑝 

( 

𝐲 

∗ ∣ 𝑋 

∗ , 𝑋, 𝐲 

) 

=  

( 

𝐲 

∗ ∣ 𝐦 

∗,Σ 

∗) 

, (4)

where 

𝐦 

∗ = 𝐊 

𝑇
𝑋,∗

[ 

𝐊𝑋 + 𝜎 

2
𝑛𝐈 

]−1 𝐲

Σ 

∗ = 𝐊 ∗,∗ − 𝐊 

𝑇
𝑋,∗

[ 

𝐊 𝑋 + 𝜎 

2
𝑛𝐈 

]−1 𝐊 𝑋,∗ 

,
(5)

and the kernel matrices are simplified as 𝐊 𝑋 

= 𝑘(𝐗,𝐗), 𝐊 𝑋,∗ 

= 

𝑘(𝐗,𝐗 

∗ ). For a zero-mean GP, the model is defined by its training data 

and the selected kernel function 𝑘(𝐱, 𝐱 

′ ) including fitted hyperparame-

ters. The negative log maximum likelihood (NLML) estimates of kernel 

hyperparameters 𝜃 are given by

NLML = − log 𝑝(𝐲 ∣ 𝑋, 𝜃) = −1
2
𝐲 

T 

[ 

𝐊 𝑋 + 𝜎 

2
𝑛𝐈 

]−1 𝐲

− 1
2
log |||𝐊𝑋 + 𝜎 

2
𝑛
||| −

𝑛
2
log 2𝜋.

(6)

Large datasets pose challenges for GPs due to the requirement for 

inversion of an 𝑁 ×𝑁 matrix (Eqs. 5 and 6) which scales computationally 

at  

( 

𝑛 

3 

) 

. To address this, we adopt a state-space formulation of a GP

that instead scales linearly with the ‘time’ dimension,  (𝑛).
Proposed by Särkkä et al. [29] and Solin [34], the state-space for-

mulation interprets a spatial-temporal Gaussian process 𝑓 (𝑠, 𝑡) as the 

solution to a linear time-invariant stochastic partial differential equation 

(LTI-SPDE),

𝜕𝐱(𝑠, 𝑡)
𝜕𝑡

=  𝐱(𝑠, 𝑡) + 𝐋𝜔(𝑠, 𝑡)

yt = t𝐱(𝑠, 𝑡) + 𝜖 t, 𝜖 ∼  (
0, 𝜎2𝑛

) 

.
(7)

We can evaluate this system of equations over a finite collection of 

spatial points of interest {𝑠 𝑖 

}𝑛 s 

1 . This results in 𝑛 s 

sets of state vectors,( 

𝐱 

( 

𝑠 1 

, 𝑡 

) 

, 𝐱 

( 

𝑠 2 

, 𝑡 

) 

,… , 𝐱 

( 

𝑠 𝑛 𝑠 

, 𝑡 

)) 

, where each is

𝐱 

( 

𝑠 𝑖 

, 𝑡 

) 

= 

[ 

𝑓 

( 

𝑠 𝑖 

, 𝑡 

) 

,
𝑑𝑓 

( 

𝑠 𝑖 

, 𝑡 

)
𝑑𝑡 

,… ,
𝑑𝑓 

( 

𝑠𝑖 

, 𝑡 

) 𝑝−1

𝑑𝑡 

𝑝−1

]⊤ 

. (8)

Here,  and  are linear operators, 𝐋 is a dispersion matrix, and 𝜔(x, 𝑡) 

is a spatially resolved white noise process decided by the spatial ker-

nel. The mathematical foundation comes from the Wiener-Khinchin 

theorem [5], which indicates that the GP kernel covariance matrix and 

the spectral density of a solution process from a LTI-SPDE form a Fourier-

transform pair. At a specific spatial point 𝑠 𝑖 

, all of the time gradient 

information up to order 𝑝 − 1 is maintained and propagated into future, 

and this propagation occurs for all 𝑛 s 

spatial points. The exact value for

𝑝 is decided by the selected time kernel. Intuitively, one can view this

approach as constructing a LTI system that takes a white noise process 

as input and generates an output that is the desired Gaussian process.

To further simplify the problem, we assume kernel separability, 

𝑘 

( 

(𝑠, 𝑡), 

( 

𝑠 

′ , 𝑡 

′ 

)) 

= 𝑘 

( 

𝑠, 𝑠 

′ 

) 

𝑘 

( 

𝑡, 𝑡 

′ 

) 

. (9)

Under this assumption,  and  become constant matrices 𝐅 and 𝐇. As a 

result, a GP kernel function may be directly mapped to 𝐅, 𝐇 and 𝜔(𝑠, 𝑡),
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Fig. 1. Equivalent circuit model for Li-ion battery.

defining a corresponding LTI system. The practical implementation of 

Eq. (7) requires it to have a discretized form,

𝐱 𝑘 

= 𝐀 𝑘−1 

𝐱 𝑘−1 

+ 𝐰 𝑘−1

y 𝑘 

= 𝐇 𝑘 

𝐱 𝑘 

+ 𝑣 𝑘 

, 𝑣 𝑘 ∼  (
0, 𝜎 

2
𝑛
) 

,
(10)

where 𝐱 𝑘 =
[
𝐱𝑠 1 ,𝑘, 𝐱𝑠2 ,𝑘 

,… , 𝐱 𝑠 𝑛s 

,𝑘 

] ⊤
represents a state vector along all 𝑛 s 

space locations at time step 𝑡 𝑘, and 𝐀 𝑘 = exp 

( 

Δ𝑡𝑘 

𝐈 𝑛s 

⊗ 𝐅 

) 

is a matrix ex-

ponential on 𝐅 and time interval Δ𝑡 𝑘 

= 𝑡 𝑘+1 

− 𝑡 𝑘 

. The Kronecker product

here comes from the space discretization. Each space location is propa-

gated in time individually, and correlations in space are captured by the

process noise term 𝐰 𝑘−1 

which is a zero-mean multivariate GP over the

𝑛 s 

space locations with covariance function expressed as,

𝐰 𝑘−1 ∼  

( 

𝟎,𝐊s 

⊗ 𝑤 𝑘−1 

) 

𝑤 𝑘−1 = ∫
Δ𝑡 𝑘

0
𝐀 𝑘−1 

𝐋Q c 

𝐋 

⊤𝐀 

⊤ 

𝑘−1d𝜏. 

(11)

Here 𝐊 𝑠 is the 𝑛 s × 𝑛 s covariance matrix of the spatial kernel 𝑘(𝑠, 𝑠 

′ ) at 

𝑛 s 

locations, and spectral density matrix Q c 

is decided by the temporal 

kernel 𝑘(𝑡, 𝑡 

′ ) as a mathematical combination of kernel hyperparameters.

Once the GP is formulated as a discrete-time LTI system, both the 

estimation of posterior predictive distribution in Eq. (5) and the hyper-

parameter NLML in Eq. (6) can be achieved recursively using a Kalman 

filter and Rauch-Tung-Striebel (RTS) smoother [30], enabling linear 

time complexity in forward model runs [2]. 

2.2. Gaussian processes for equivalent circuit models

As shown in Fig. 1, a simple ECM is used for modelling the bat-

tery dynamics in this work. This approach is similar to the method we 

used in Aitio et al. [2] but simplified. The corresponding mathematical 

formulation is given as

𝑉 term = 𝑉 0 (𝑧) + 𝑅 0 

(𝑧, 𝐼, 𝜁 ) 𝐼

d𝑧
d𝑡

= 𝐼𝑄 

−1 (𝜁 ) 

(12)

where 𝑧 is the SOC, 𝐼 is the applied current, and 𝑉 0 

(𝑧) represents the 

OCV-SOC curve, which is often measured at beginning of life and as-

sumed to be fixed over life. Two timescales are included in this ECM, 

one is the operating timescale (𝑡), which is often at the seconds level. 

Another is the life-long aging timescale (𝜁 ), which can vary from days 

to months depending on usage. Although this circuit model is simple, 

for a high quality commercial cell operated at low rates, the internal 

overpotentials should be small, and therefore this model produces rea-

sonable results. Even in highly dynamic applications, there are usually 

still some periods of low-rate operation that could be used for health 

estimation.

The variables 𝐼 , 𝑧, 𝑉 term are all functions of 𝑡, unless written in their 

discrete-time versions that are demarcated with subscripts (e.g. 𝑧 𝑖 

). For 

clarity the time-dependence of the continuous-time variables is assumed, 

rather than written out in every equation. For simplicity, we use a vector

to denote operating conditions, 

𝐬 = [𝑧, 𝐼] 

⊤. (13) 

The inverse capacity term 𝑄 

−1 is modeled as a GP over 𝜁 , while the 

resistance term 𝑅 0 

is modeled as a GP over 𝐬 and 𝜁 ,

𝑄 

−1 (𝜁 ) ∼  

( 

𝑚(𝜁 ), 𝑘 

( 

𝜁, 𝜁 

′ 

))

𝑅 0 

(𝐬, 𝜁 ) ∼  

( 

𝑚 (𝐬, 𝜁 ) , 𝑘 

( 

(𝐬, 𝜁 ) ,
(
𝐬′, 𝜁 

′ 

))) 

. 

(14)

Temperature was tightly controlled and consistent for battery samples 

used in our work, so had little impact on the results. Temperature 

effects can however be included as another dimension of the operating-

condition dependency of 𝑅 0 

(𝑠, 𝜁 ), where 𝑠 = [𝑧, 𝐼, 𝑇 ] [1]. Given the 

nonzero nature of impedance and capacity, instead of directly modelling 

𝑅 0 

and 𝑄, we chose to model them each as affine transformations of a 

zero-mean GP, which is equivalent to setting a nonzero prior mean for 

impedance and capacity [2]. Specifically, Eqs. (14) are written as,

𝑄 

−1 (𝜁 ) = 𝑞 0 

(1 + 𝑞(𝜁 )) 

 0 

(𝐬, 𝜁 ) = 𝑟 0 

(1 + 𝑟 (𝐬, 𝜁 ))
𝑞(𝜁 ) ∼  

( 

0, 𝑘 

( 

𝜁, 𝜁 

′ 

))

𝑟 (𝐬, 𝜁 ) ∼  

( 

0, 𝑘 

( 

(𝐬, 𝜁 ) , 

( 

𝐬 

′ , 𝜁 

′ 

))) 

(15)
𝑅

where constants 𝑟 0 

, 𝑞 0 reflect prior assumptions for the values of 

𝑅 0 

, 𝑄 

−1 , respectively. In practice, these can be set to the correspond-

ing beginning-of-life (BoL) values. As a Gaussian distribution remains 

Gaussian under arbitrary affine transformation, 𝑅 0 

and 𝑄 

−1 are still GPs.

The operating-condition dependency on 𝐬 and the life-long aging de-

pendency on 𝜁 are modelled with different kernels, since we expect that 

degradation is irreversible, whereas a more general smooth function 

describes  

𝑘 

( 

(𝐬, 𝜁 ) ,
(
𝐬 

′, 𝜁 

′ 

)) 

= 𝑘 Matern32
(
𝐬, 𝐬′

) 

𝑘 WV 

( 

𝜁, 𝜁 

′ 

) 

(16) 

operating-condition dependency,

where 𝑘 WV 

and 𝑘 Matern32 

represent a Wiener velocity (WV) kernel and a

Matern (𝜈 = 3∕2) kernel, respectively, so 

𝑘 WV 

( 

𝜁, 𝜁 ′ 

)
= 𝜎 

2
𝜁

(
min 

3 

( 

𝜁, 𝜁 ′ 

)
3 

+ || 

𝜁 − 𝜁 ′ ||
min 

2 ( 

𝜁, 𝜁 ′ 

)
2

)

𝑘 Matern32 

( 

𝐬, 𝐬 

′ 

)
= 𝜎 

2
𝑠 

(1 +
√
3𝑑) exp(− 

√
3𝑑)

𝑑 

2 = || 

𝐬 − 𝐬′ ||⊤ 

[
𝑙 

−2
𝑧 0 

0 𝑙 

−2 

𝐼

]
|| 

𝐬 − 𝐬 

′| | 

.

(17)

While stationary kernels eventually converge back to the mean when ex-

trapolated, the WV kernel is a non-stationary kernel that is more suitable 

for extrapolating aging trends into the future.

As shown in Fig. 2, the battery operating dynamics, described by 

the ECM, and aging dynamics, described by the GPs, are evaluated at 

two different timescales. While the ECM state (𝑧) changes over seconds 

during cycling (𝑡), the GPs representing 𝑄 

−1 and 𝑅 0 

may change more

slowly, over weeks or months, as a function of cell-aging timescale 𝜁 . In 

subsequent sections we will use discrete-time rather than continuous-

time dynamics, with the indexes 𝑖 and 𝑗 denoting the discrete-time 

variables associated with 𝑡 and 𝜁 , respectively, with the faster discrete 

time step size defined as Δ𝑡 𝑖 

and the slower step size as Δ𝜁 𝑗 

. 

The discrete-time state propagation for the ECM is a simple Coulomb

counter that can be expressed as

𝑧 𝑖 

= 𝑧 𝑖−1 + 𝑄 

−1 𝐼 𝑖Δ𝑡 𝑖. (18)

The discrete-time propagation for the inverse capacity and resistance 

parameters, which are GPs, can be written as

𝐱 𝑄−1 ,𝑗 

= exp Δ𝜁𝑗𝐅 WV 

 

𝐱 𝑄 

−1 ,𝑗−1 

+ 𝑤 𝑗−1

𝐱 𝑅0 

,𝑗 = exp 

( 

Δ𝜁 𝑗𝐈 𝑛 s 

⊗ 𝐅 WV 

)
𝐱𝑅0 ,𝑗−1 

+ 𝐰 𝑗−1,
(19)

( )

where, for the WV kernel, 𝐅 WV 

= 

[
0 1
0 0

] 

represents the discrete-time

interval on the lifelong aging scale. Because of the operating condition
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Fig. 2. Modelling the separation of timescales with battery operating dynamics that change quickly (as a function of 𝑡) vs. aging dynamics that change slowly (as a 

function of 𝜁 ).

dependency of 𝑅 0 

, Kronecker products are used to describe the corre-

sponding discretisation in 𝐈 𝑛 s 

⊗ 𝐅 WV 

and 𝐰 𝑗−1. In this work, 𝑛 s 

= 𝑛 𝑧 

𝑛 𝐼 .

Specifically, the 0 to 1 SOC range is evenly divided into 𝑛 𝑧 

discrete SOC 

levels, while the applied current range (in absolute scale) is evenly di-

vided into 𝑛 𝐼 

discrete current levels. The process noise terms 𝑤 𝑗−1 

and 

𝐰 𝑗−1 can be calculated following Eq. (11), where Q 𝑐 

for the WV kernel

is 𝜎 

2 

𝜁 

.

2.3. Joint estimation of battery states and GPs

The state covariance initialisation and process noise matrix of the 

joint system and GP subsystem are summarized as follows:

𝐏 joint,0 = 

[
P 𝑧,0 0
0 𝐏 GP,0

] 

,𝐏 GP,0 = 

[
𝐏𝑄−1 ,0 0

0 𝐏 𝑅 0 ,0 

]

𝐖 joint = 

[ 

W 𝑧 0
0 𝐖 GP

] 

,𝐖 GP = 

[
𝐖 𝑄 

−1 0
0 𝐖𝑅0

,

] 

(20)

where

𝐏 𝑅 0 

,0 

= 𝐊 Mat 

⊗ 𝐏 𝜁 0 ,WV 

, 𝐏 𝑄 

−1 ,0 

= 𝐏 𝜁 0 ,WV

𝐖 𝑅 0 

= 𝐊 Mat 

⊗ 𝐖 WV, 𝐖𝑄−1 = 𝐖 WV 

.
(21)

In these equations, 𝜁 0 represents the initial aging time step and 𝐊 Mat 

is the covariance matrix of the Matern kernel at 𝑛 𝑠 discrete operating

conditions. For the selected WV kernel, the initial covariance and noise 

matrix are

[ ]1 3 1 2
 [ ]1Δ 3 1Δ

 

𝐏 = 2 3 𝜁0 2 𝜁0 2,𝐖 3 𝜁  

𝜎 = 𝜎 2 𝜁 

2

WV   1 WV   

 1
 

 . (22)𝜁0 , 𝜁 𝜁
2 𝜁

2
0 𝜁 Δ2 𝜁20

 

  

 

Δ𝜁

In literature, several works [13,41] use a dual estimation framework 

to propagate these two subsystems separately, with the estimated SOC 

(𝑧) as the ‘observation’ for parameter updates. By decoupling states from 

parameters, however, any cross-correlations between the two are lost 

and this may lead to poor estimation accuracy [26]. For example, the 

uncertainty information from the SOC estimation, which is important for 

parameter updates, is discarded. As an alternative, other works [21,45] 

adopt a joint estimation framework with a single timescale to update 

both states and parameters. This may suffer from poor numerical con-

ditioning, though, due to the vastly different timescales of the state and 

parameter dynamics (seconds versus months). 

To address these issues, we adopted our previously proposed co-

estimation framework [1]. Within charge or discharge segments, the GP 

states (i.e. circuit model parameters) and the ECM state are propagated 

jointly. This means the GP dynamics described in Eq. (19) also evolve

within each segment over time steps of Δ𝑡. However, since Δ𝑡 ≪ Δ𝜁 , 

the changes in 𝑄 and 𝑅 0 

over small timesteps will be small since the

GP is relatively smooth on the timescale of Δ𝑡. Between segments, only

the GP states are preserved; the ECM state is reinitialized at the be-

ginning of every new discharge segment based on the measured initial 

SOC conditions. In this way, the GPs describing capacity and resistance 

and the ECM describing state of charge dynamics each share the same 

observations (Eq. (12)), but their propagation is at different timescales. 

Within a segment, the overall joint state vector for both ECM and

GPs is given by

𝐱 joint,𝑖 =
⎡ 

⎢ ⎢ ⎣

𝑧 𝑖
𝐱𝑄−1 ,𝑖
𝐱𝑅0 ,𝑖

⎤ 

⎥ ⎥ ⎦ 

. (23)

Between segments, the GP subsystem is linear and the GP state vector is 

given by

𝐱 GP,𝑗 = 

[
𝐱 𝑄−1 ,𝑗
𝐱 𝑅0 ,𝑗

] 

. (24)

Note that within a segment the joint system is nonlinear because Eq. 

(12) is nonlinear in SOC (𝑧) due to the 𝑉 0 

(𝑧) and 𝑅 0 

(𝑧) functions. For 

simplicity, we write the nonlinear joint system dynamics as

𝐱 joint,𝑖 = 𝑔
(
𝐱joint,𝑖−1 

, 𝐼 𝑖−1 

,𝐖 joint,𝑖−1
)

𝑉 𝑖 

= ℎ
(
𝐱joint,𝑖 

, 𝐼 𝑖−1, 𝑣 𝑖 

) 

. 

(25)

where 𝑣 𝑖 represents the measurement noise with variance 𝜎 

2 

𝑣 . An ex-

tended Kalman filter is used to solve the system dynamics with local 

linearisation via Jacobian matrices

𝑔𝐆 d
 𝑖 = ,

d𝐱
 𝐇 

joint 

𝑖 =
d

 

ℎ .
d,𝑖 𝐱

 (26)
 joint,𝑖

The full co-estimation framework is given in Algorithm 1. Because 

𝑅 0 

is modelled with a GP, its predictive variance needs to be included

when calculating the noise covariance of output (the 𝐼 

2
𝑖 𝚺 𝑅 0 

,𝑖 

term in

𝐒 𝑖 

). Detailed derivations can be found in Appendices A and B. To pro-

vide a baseline comparison against our method, we also implemented 

a random-walk dual-estimation approach for parameter updates, see 

Appendix D. 

The co-estimation in Algorithm 1 can be viewed as a single forward

run of the proposed model under a specific GP hyperparameter set and 

measurement noise variance (i.e., 𝜎 

2 

𝜁 , 𝜎 

2 

𝑠 , 𝑙 

−1 

𝑧 , 𝑙 

−1
𝐼 , 𝜎 

2 

𝑣). To find the optimal

values of these, we use the accumulated NLML (Φ) as our cost func-

tion. Because of the additive nature of the NLML, Φ can be updated 

during the state and parameter co-estimation process. An outer opti-

misation loop using a gradient-based L-BFGS-B algorithm is then used 

to obtain maximum a posteriori (MAP) estimates of the hyperparame-

ters for GPs, running the forward model many times, with each forward 

run giving one evaluation of Φ. The hyperparameter optimisations were 

solved on a virtualized Linux platform with two physical Intel Xeon 

Silver 5216 CPUs at 2.1 GHz. Finding the optimal hyperparameters took 

approximately 60 and 90 minutes for cells A and B, respectively.
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Algorithm 1 Co-estimation of battery state and GPs using extended 

Kalman filter. The NLML (Φ) is calculated recursively on every terminal 

voltage measurement.

1: Initialisation of co-estimation at 𝜁 = 𝜁 0
𝐱+ = 𝐱 +2:
GP
  GP ,0,𝐏GP = 𝐏GP ,0

3: Φ = 0 

4: for seg𝑗 ∈ segments do 

5: GP propagation

𝐱−6:  

GP
 = exp(𝐅Δ,𝑗 𝜁 𝑗 )𝐱+GP ,𝑗−1

7: 𝐏−
GP
 = exp(𝐅Δ,𝑗 𝜁𝑗 )𝐏+

 

GP
exp (𝐅Δ𝜁 𝑗 )T + 𝐖GP 

 

(Δ𝜁 𝑗 )
8: Initialisation at start of 𝑗th segment

9: 𝐱 

+ 

joint = 𝐱 joint,0 = [𝑧 0, 𝐱− 

GP,𝑗 

] 

⊤ 

10: 𝐏 

+
joint = 𝐏 joint,0 = 

[ 

𝐏 𝑧,0 0
0 𝐏 

−
GP,𝑗

]

11: for 𝑉 𝑖 ∈ seg 𝑗 do 

12: Joint states propagation

13: 𝐱 

− 

joint,𝑖 = 𝑔
(
𝐱+ 

joint,𝑖−1, 𝐼 𝑖−1 

,𝐖 joint,𝑖−1 

)

14: 𝐏 

−
joint,𝑖 = 𝐆 𝑖−1𝐏 

+ 

joint,𝑖−1𝐆 

T
𝑖−1 + 𝐖 joint,𝑖−1

15: Joint states update

16: 𝐞 𝑖 = 𝑉 𝑖 − ℎ
(
𝐱− 

joint,𝑖, 𝐼 𝑖−1, 𝑣 𝑖 

) 

17: 𝐒 𝑖 = 𝐇 𝑖𝐏 

−
joint,𝑖𝐇 

⊤
𝑖 

+ 𝐼 

2
𝑖 𝚺𝑅0 ,𝑖 + 𝜎 

2
𝑣

18: 𝐋 𝑖 

= 𝐏 

−
joint,𝑖𝐇 

⊤
𝑖 𝐒 

−1
𝑖

19: 𝐱 

+ 

joint,𝑖 = 𝐱 

−
joint,𝑖 + 𝐋 𝑖 

𝐞 𝑖

20: 𝐏 

+
joint,𝑖 = (𝐈 − 𝐋 𝑖𝐇 𝑖 

) 

⊤𝐏 

− 

joint,𝑖(𝐈 − 𝐋 𝑖 

𝐇 𝑖 

) + 𝐋 𝑖 

𝐞 𝑖𝐋 

⊤
𝑖

21: Φ = Φ +  

1
2 𝐞 

⊤
𝑖 𝐒

−1
𝑖 𝐞 𝑖 + 

1
2 log

||2𝜋𝐒 𝑖
||

22: end for

23: end for

3. Data preprocessing and model setup 

3.1. Data description 

3.1.1. Cell A

Cell A is a nickel-manganese-cobalt vs. graphite Li-ion battery from 

an open test dataset [37]. It is a commercial 502030 cell with nominal 

capacity 250 mAh and operating voltage from 3.0 to 4.2 V. The true 

initial capacity was measured as around 280 mAh and the beginning-of-

life DC resistance around 130 mΩ. This battery was aged with repeated 

charge/discharge cycles and checked through a weekly reference perfor-

mance test (RPT). Cycling aging was conducted with a constant 1.825 C 

charging C-rate and a constant 0.5 C discharging C-rate. The depth of 

discharge (DoD) was 100 % and the environmental temperature was kept 

at 30 

◦ C. The RPT consisted of low rate (0.2 C) constant-current constant-

voltage (CC-CV) charging and constant-current discharging, yielding 

ground truth discharge capacity measurements and an up-to-date
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Fig. 3. All extracted discharge segments, cells A and B.

pseudo OCV-SOC curve. The cell number is G37C2 in the original 

dataset.

3.1.2. Cell B

Cell B is a nickel-cobalt-aluminium oxide vs. graphite-silicon battery 

from another open dataset [15], with cell ID 015. It is a commercial 

18,650 cell with nominal capacity 3400 mAh and BoL DC resistance 

around 25 mΩ. This battery was charged with a CC-CV regime and dis-

charged using a scaled drive cycle profile from 0 to 9.7 A (absolute 

value). Cycle aging was conducted at 25 

◦ C between 10 % and 90 % 

SOC. Regular RPTs were taken every 30 cycles, at 0.1 C.

3.2. Extracting discharge segments from cycling data

The sampling frequency for cycling was 0.2 Hz and 1 Hz for cells 

A and B, respectively. The corresponding full cycling datasets (over all 

of life) are 1,840,632 and 41,346,756 rows of current and voltage mea-

surements, respectively. Using the entire cycle life data to optimize GP 

hyperparameters requires substantial computational effort. However, it 

is reasonable to assume that the aging between two adjacent cycles is 

small, and therefore we only selected a small number of cycling segments 

from which to train the model, with relatively large between-segment 

distances Δ𝜁 𝑗 . 

In this work, the process of down-selecting discharge segments was 

as follows. Discharge segments were selected evenly over the life of each 

battery. In the case of cell A, 15 discharge segments in total were chosen, 

and in the case of cell B, 18 segments were chosen. This reduced the 

data volume to 21,881 and 120,801 rows, respectively. In practice, the 

time interval Δ𝜁 𝑗 

between segments can be in the unit of days, weeks 

or months depending on usage and test conditions. The method would 

also work using units such as equivalent full cycles or cumulative charge 

throughput. One reason for using days is that segment extraction can be 

done in a convenient manner. The first 10 segments were used to train 

the model (i.e. to optimize the kernel hyperparameters for the GPs). 

We chose 10 segments for model training since it was computationally 

efficient but sufficient to demonstrate the efficacy of our method.

The RPT data at BoL was used to calibrate the OCV-SOC relation-

ship, while other RPT data were not used in the proposed model. The 

extracted discharge segments for cells A and B are shown in Fig. 3. The 

aging effect can be clearly seen from the shrinkage of discharge curves 

on the time axis.

Considering the computational cost and data range, we set the oper-

ating condition discretization for cell A to 𝑛 𝑧 

= 25 and 𝑛 𝐼 = 1, and for

cell B to 𝑛 𝑧 

= 25 and 𝑛 𝐼 = 5.

4. Results and discussion 

4.1. Health estimation and prediction

Figs. 4 and 5 show projections of the GP estimates of discharge 

capacity 𝑄 and impedance 𝑅 0 

over battery lifetime for cells A and B,
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Fig. 4. Cell A projections of GP posteriors for 𝑄 and 𝑅 0 

. Ground truth RPTs 

are only used for capacity validation (red dots). RMSE and MAPE for capacity 

estimates are 0.0026 Ah and 0.86 %, and for predictions are 0.0038 Ah and 

1.53 %.

respectively. Comparisons against the baseline random-walk method 

(Appendix D) show that GP estimates are much more accurate and 

smoother than the random-walk approach. The train-test split is shown 

by the vertical black line. Here, ‘training’ refers to the data used to fit 

GP hyper-parameters, whereas ‘testing’ refers to short-term future pre-

dictions that are obtained by running the parameter dynamics forward in 

time without seeing new data. Such short-term future SOH predictions 

are useful for many applications, e.g., battery early maintenance. For 

cell A, the discharge current is constant, thus 𝑅 0 

is only plotted against 

SOC. For cell B, with dynamic discharging profile, 𝑅 0 

is plotted against 

both SOC and applied current.

It is clear that the GP captures the aging trend for capacity fade 

well based only on cycling data without RPTs. As the non-stationary 

WV kernel is used for modelling the time dependency of 𝑄 

−1 (𝜁 ), the 

GP extrapolation maintains the last known aging trend from the train-

ing stage. This linear extrapolation fits well for cell B, while it appears 

slightly worse for cell A where the ground truth aging speed accelerates 

in later life. The uncertainty for estimates is shown by the shaded area 

that grows larger when extrapolating further into the future.

For the estimation results of 𝑅 0 

, a clear upwards shift can be found for 

cell A during aging, indicating a systematic increase of battery resistance 

over all SOC levels. For cell B, 𝑅 0 

changes in a more complex way, with 

both increasing and decreasing trends observed against different SOC 

levels. The scale of 𝑅 0 

dependency on applied current is much smaller 

than the SOC dependency. Thus, we mainly discuss the SOC dependency 

in this work, and more details about the applied current dependency can 

be found in Appendix C.

All estimations are shown in solid lines, extrapolations are shown 

as dotted lines. The blue gradient colors denote the corresponding ag-

ing times. The extrapolation for 𝑅 0 

also maintains the increasing trend 

of training stage. To keep the figure simple, the uncertainties for 𝑅 0 

estimates are included in Fig. 6.

In order to ensure smoothness in the estimated 𝑅 0 

functions that are 

displayed, the discretization of SOC was further increased to 100 evenly 

spaced locations. The trained model was then rerun in forward mode, 

with the previously learnt GP hyperparameters, but using the extended 

SOC discretization.
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Fig. 5. Cell B projections of GP posteriors for 𝑄 and 𝑅 0 

. Ground truth RPTs 

are only used as capacity validations (red dots). RMSE and MAPE for capac-

ity estimates are 0.0122 Ah and 0.31 %, and for predictions are 0.009 Ah and 

0.27 %.

4.2. Dependence of 𝑅 0 

on SOC

Considering the results of the previous section, there are two abnor-

mal features to note in the evolution of 𝑅 0 

(𝑧, 𝜁 ). First, the increasing 

scale of 𝑅 0 

is much larger than expected. Given that the BoL DC resis-

tance calculated from a pulse test is around 0.13 Ω and 0.025 Ω for cells 

A and B respectively, the increase in 𝑅 0 

by nearly five times at low SOC 

level as the cell ages seems unrealistic. Second, there is a wave-like curve 

shape and a corresponding uneven increase of resistance against SOC. 

This SOC dependency is also observed by others [31,39]. Fig. 6 shows 

impedance increases at different SOC levels. In the training set, the in-

crease at high SOC (> 0.9) is almost negligible for both cells. However, 

at low SOC (< 0.1), the increase of 𝑅 0 

is nearly 0.88 Ω and 0.07 Ω for 

cell A and B respectively.

We propose that these unexpected behaviours are not caused by ‘true’ 

changes in the underlying resistance, but instead hypothesize that a sig-

nificant reason for increases in the estimated 𝑅 0 

(𝑧, 𝜁 ) is shape changes in 

the battery OCV-SOC curve as it ages. Specifically, the battery dynam-

ics in Eq. (12) assume that the OCV-SOC functional relationship is kept 

the same across the entire life, and only scaled by 𝑄. A more realistic 

formulation could be expressed as

𝑉 term = 𝑉 0 

(𝑧, 𝜁 ) + ̂ 𝑅 0(𝑧, 𝜁 )𝐼, (27)

where the OCV-SOC relationship 𝑉 0 

(𝑧, 𝜁 ) is itself a function of both SOC

(𝑧) and aging lifetime (𝜁 ). In this case, 

̂ 𝑅 0 

is the ‘pure’ impedance term
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Fig. 7. Comparison between ground-truth OCV-SOC and estimated 𝑅 0 function for cell A and B.

(unaffected by OCV). By further separating the OCV term into a fixed

part ̄ 𝑉 0(𝑧, 𝜁 0 

) (representing BoL OCV-SOC), and an age-sensitive variable

part Δ𝑉 0(𝑧, 𝜁 ), one can rewrite this equation as

𝑉 term = 𝑉 0
( 

𝑧, 𝜁 0
) 

+ Δ𝑉 0(𝑧, 𝜁 ) + 𝑅̂ 0 

(𝑧, 𝜁 )𝐼

𝑉 term = 𝑉 0(𝑧) + 𝐼 

[Δ𝑉 0(𝑧, 𝜁 )
𝐼 

+ 𝑅̂ 0 

(𝑧, 𝜁 ) 

]

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝑅 0(𝑧,𝜁 )

. 
(28)

It is now clear that, rather than obtaining the pure resistance 

̂ 𝑅 0 

,

the learnt function 𝑅 0 

(𝑧, 𝜁 ) is influenced both by changes in the re-

sistance and changes in the OCV-SOC functional form as the battery 

ages.

Thanks to the regular RPT data, we are able to validate this hypoth-

esis using ground-truth OCV-SOC changes. Fig. 7 compares the learnt 

𝑅 0 

(𝑧, 𝜁 ) functions and ground-truth OCV-SOC curves. The applied cur-

rent was 0.125 A and 0.34 A for cells A and B, respectively. Here, 

ΔOCV represents the difference between ‘up-to-date’ OCVs (i.e., incor-

porating changes as the cell ages) and BoL OCVs across all SOC levels. 

A strong consistency can be observed in the changing trends of 𝑅 0 

and ΔOCV. This can be quantified using a Pearson linear correlation

coefficient—specifically, for each discrete SOC value, the linear coeffi-

cient between 𝑅 0 

and ΔOCV as a function of age was calculated. For 

cell A, a linear coefficient of more than 0.8 is observed over all SOC 

levels, decreasing slightly around 0.8 SOC. Similarly, for cell B, a coef-

ficient of more than 0.7 is seen for most SOC levels, decreasing around 

0.8 SOC.

One remaining issue concerns the (un)identifiability of Δ𝑉 0 

(𝑧, 𝜁 ) 

and ̂ 𝑅 0 

(𝑧, 𝜁 ). Given the additive nature of these, it is impossible to

distinguish them individually from terminal voltage measurements. 

However, the differences in their influences on terminal voltage can 

be compared. If one assumes, for example, a 50 % increase in resis-

tance compared to BoL DC resistance, this would result in overpotential 

changes of 8 mV and 4 mV for cells A and B at 0.5 C and 0.1 C, re-

spectively. However, the average changes in the OCV-SOC function over 

life are 30 mV and 20 mV, respectively—on the order of ten times 

higher.

4.3. Differential voltage analysis

Capacity decrease and impedance increase reflect battery SOH 

changes at the full cell level, but are insufficient to elucidate differ-

ent degradation modes. One commonly used quantitative method for
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]∕𝑑𝑄 estimations.

the latter is differential voltage analysis (𝑑𝑉 ∕𝑑𝑄 vs. discharge Ah). The 

𝑑𝑉 ∕𝑑𝑄 curve is obtained by differentiating discharge voltage with re-

spect to cumulative discharge Ampere-hours. The peaks on the 𝑑𝑉 ∕𝑑𝑄 

curve can be assigned to electrode material phase transitions. The peak 

shifts and the changing between-peak distances are used to indicate dif-

ferent degradation modes, i.e. lost lithium inventory LLI, and loss of 

active material in the negative and positive electrodes, LAM 𝑛 and LAM 𝑝 

[6]. One major limitation of the 𝑑𝑉 ∕𝑑𝑄 method is the requirement for 

a low C-rate (<C/20) deep (dis)charge, which is generally unavailable 

except in a carefully controlled lab environment. In our case, because of 

experiment limits, the RPT C-rates for cells A and B were higher, at C/5 

and C/10, respectively.

Given the observed close similarity between ΔOCV(𝑧, 𝜁 ) and 𝑅 0 

(𝑧, 𝜁 ) 

as discussed in the previous section, a natural extension is to compare 

the 𝑑𝑉 ∕𝑑𝑄 information from the RPTs with the learnt 𝑑[𝐼𝑅 0 

]∕𝑑𝑄 vs. 

discharge curve. As shown in Fig. 8, if one multiplies the SOC with the 

learnt capacity 𝑄(𝜁 ), one can derive a corresponding discharge Ampere-

hour estimate and thus observe similar peak shifts to differential voltage 

functions.

Due to the lack of half cell test data, we are not able to attribute each 

𝑑𝑉 ∕𝑑𝑄 peak to a corresponding electrode, However, we can speculate 

(on the basis of literature [16,47] and our understanding for these cell 

chemistries) about what the peak shifts mean, and thus estimate LLI, 

LAM n 

for cells A and B respectively (Fig. 9). (Positive electrode loss of
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active material is less clear so we omit estimation of LAM p 

.) For cell 

A with a CC discharging profile and NMC cathode, a 6–8 % increase is 

observed for both LLI and LAM n 

. This is consistent with the relatively

uniform capacity drop across life in Fig. 4. For cell B, with a dynamic

driving discharging profile and NCA cathode, there is a sharp increase of

LLI within the first 100 days, which is likely related to diffusion-limited

solid electrolyte interphase (SEI) layer formation [3,35]. This is also

consistent with the early capacity drop in Fig. 5 which then levels off.

5. Conclusions

We have proposed an aging-aware battery ECM incorporating GPs

to describe the dependency of circuit-model parameters on SOC and

lifetime. A state-space formulation was used to transform the GPs into

time-stepping models enabling solution in linear time complexity with a

Kalman filter and RTS smoother. This also enables co-estimation of both

parameters and states in a unified framework. Compared to parameter

random walks or deterministic models, using GPs to model parameter

evolution has several advantages:

• The state-space formulation of a GP maintains gradient information

from the states whilst random walk or empirical models do not.

• Incorporating the SOC and aging-time dependency of parameters

via GP kernels makes ECM parameter estimates more stable over

battery life, i.e. gives smoother interpolation and more reasonable

extrapolation compared to random walk or deterministic models.

• A GP prior helps to mitigate numerical ill-conditioning as it has a

regularisation effect when parameters are not easily identifiable (e.g.

due to measurement noise or extrapolation to unseen conditions).

We found that estimates of capacity 𝑄 exhibited good consistency

compared with independent ground-truth measurements from RPTs,

whereas estimates of the resistance function 𝑅 0 

showed a close rela-

tionship with shape changes in the OCV-SOC curve as a battery ages.

A major part of the learnt 𝑅 0 

(𝑧, 𝜁 ) function comes from OCV changes, 

Δ𝑉 0 

(𝑧, 𝜁 ). High linear coefficients (> 0.8) were observed between 𝑅 0 

(𝑧, 𝜁 )
and Δ𝑉 0 

(𝑧, 𝜁 ) over a wide range of SOCs. By using the estimates of both 

𝑄(𝜁 ) and 𝑅 0 

(𝑧, 𝜁 ), we further calculated 𝑑[𝐼𝑅 0 

]∕𝑑𝑄 as an approxima-

tion to a differential voltage 𝑑𝑉 ∕𝑑𝑄 function. The estimated peak shifts 

and degradation modes (LLI, LAM n 

) in 𝑑[𝐼𝑅 0 

]∕𝑑𝑄 were found to show 

similar behaviours compared with ground-truth from 𝑑𝑉 ∕𝑑𝑄. 

This work highlights both a challenge, to ensure that shape changes

to the OCV curve do not distort battery SOH estimates, and an

opportunity—to estimate degradation modes (lost lithium inventory, 

lost electrode material) directly from operational data. Further tests 

are required on other cell form factors, duty cycles (e.g. shallow cy-

cling), chemistries, temperature variations, and cell sizes to explore the 

generalisation of these results. 
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Appendix

A. Gaussian process with input uncertainty

In the joint system dynamics (Eq. 25), 𝑅 0 needs to be evaluated at ev-

ery time step. The SOC at step 𝑖 is itself a Gaussian distribution expressed

as

𝑧 𝑖 ∼  (𝑧−𝑖 ,𝐏
−
𝑧 𝑖
). (29)

This means that 𝑅 0 

is a GP with input uncertainty from 𝑧 𝑖. To incorpo-

rate this, the predictive distribution in Eq. (5) needs to be marginalised 

(averaged) over all 𝑧 𝑖 

, 

𝑝 

( 

𝑅 0 

) 

= ∫ 

𝑝 

( 

𝑅0 

∣ 𝑧 𝑖
) 

𝑝
(
𝑧𝑖
) 

d𝑧 𝑖. (30)

This integral is usually intractable but can be approximated using Taylor 

expansions [11]. A first-order expansion can be written as

𝑚 𝑅 0 

= 𝐾 

⊤
𝑍,𝑧 𝑖

[
𝐾𝑍 + 𝜎 

2
GP𝐼 

] −1 𝑧 𝑖 

𝚺 𝑅 0 

= 𝐾 𝑧 𝑖 

,𝑧 𝑖
− 𝐾 

⊤ 

𝑍,𝑧 𝑖

[
𝐾𝑍 + 𝜎 

2
GP

] −1𝐾 𝑍,𝑧𝑖 + 

𝜕𝑅 0
𝜕𝑧

|||||

⊤

𝑧𝑖

𝐏 

−
𝑧 𝑖

𝜕𝑅 0
𝜕𝑧 

| | | | | |𝑧 𝑖

.
(31)

where 𝐾 𝑍 

and 𝐾𝑍,𝑧𝑖 are a covariance matrix and vector following the

same definition as Eq. (5).

B. Predictive variances for terminal voltage

In the extended Kalman filter used for the joint GP-ECM system, 

an extra variance term 𝐼 

2 

𝑖 𝚺𝑅0 ,𝑖 

is included in the calculation of the 

innovation sequence 𝐒 𝑖. This corresponds to the contribution of the 

𝑅 0 

uncertainty when calculating the predictive distribution of terminal 

voltage 𝑉 𝑖: 

𝑉 𝑖 

= 𝑉 0 

𝑧𝑖 

 

+ 𝐼 𝑖 

𝑅 0,𝑖 

+ 𝜈 𝑖 

, 𝜈 𝑖 ∼ 𝑁 0, 𝜎2𝑣
E
[
𝑉 𝑖
] 

= 𝑉 0
( 

𝑧𝑖
) 

+ 𝐼 𝑖𝑚 𝑅 0𝑖

cov
(
𝑉𝑖
) 

= E 

[ (
𝑉𝑖 − E 

[ 

𝑉 𝑖
]) ( 

𝑉 𝑖 − E
[
𝑉𝑖
]) ⊤ 

]

cov
(
𝑉𝑖
)
= 𝐼 

2
𝑖 Σ 𝑅 0𝑖

+ 𝜎 

2
𝜈 

.

(32)

( ) ( )

C. Impedance dependency on applied current 

Fig. 10 gives a full set of resistance estimates at several SOCs and

currents, for cell A.

D. The random-walk baseline model

To benchmark the proposed method, a random-walk model was used 

to track aging with the commonly used dual-estimation approach [25, 

41,43]. The same ECM in Fig. 11 was used, without the dependency of 

𝑅 0 

on the operating condition.
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Fig. 10. Dependence of resistance on applied current at several SOCs, for cell A.
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Fig. 11. Results for the random-walk baseline model: cell A estimates have 0.129 Ah RMSE and 3.27 % MAPE, Cell B estimates have 0.019 Ah RMSE and 6.74 % 

MAPE.

Data availability

Datasets used in this paper are already open source. 
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4 | Estimating SOH from field data

4.1 Preface

This chapter is based on the following publication:

[4] Zhou Zihao and David Howey. "Battery capacity and degradation mode

diagnosis for solar off-grid systems in Africa." 2025. (To be submitted)

The previous chapter introduced the aging-aware ECM designed for battery lifelong

SOH estimation. It was shown that the learned resistance function closely reflects the

shape change of the OCV-SOC curve, which enables a reconstruction of the differential

voltage (DV) curve and facilitates the estimation of degradation modes such as LLI and

LAM. However, model performance was only validated on lab aging data, which consists

of high-resolution measurements collected under a uniform lifelong cycling profile. The

ultimate goal of SOH estimation should be to achieve reliable performance on batteries

deployed in field.

Several challenges arise when working with field data. First, complex and variable

usage profiles, combined with sensor noise, further compromise the identifiability of

model parameters and the observability of battery states from standard terminal voltage

and current measurements. For example, due to the flat OCV characteristic of LFP

batteries, it can be difficult to estimate capacity from shallow and dynamic discharging

profiles. Second, the lack of ground-truth capacity measurements makes it hard to

validate estimation performance. Capacity is typically measured through a low C-rate

constant-current discharge from 100% to 0% SOC, a process that is too time-consuming

to be performed regularly in field applications. Third, the sampling rate in field data is

often much lower than in lab settings. Due to storage and transmission constraints, field

signals are often recorded at a rate of 1/60 to 1/600 Hz (i.e., one data point every 1 to 10

minutes). This low frequency further challenges Coulomb-counting methods, especially

when paired with highly dynamic cycling profiles.
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In Chapter 4, we apply the aging-aware ECM to study 114 LFP battery packs from

solar off-grid systems operating in Africa. So-called ‘pseudo-labels’ for capacity are

computed for 56 of these packs to validate the model’s capacity estimates. Furthermore,

population-analysis across all 114 packs shows that time spent below 6.7 V is strongly

correlated with aging rate. We observe that lower value for time spent below 6.7 V over

the operational life of a pack is caused by limited customer discharging and long rest

periods at high voltage. Also, DV curves are reconstructed from the estimated resistance

function (as in the preceding chapter), enabling inference of degradation modes (LLI

and LAMne). Once again, we find that resting at high voltage accelerates degradation

through LLI and LAMne. Based on these findings, we conclude that avoiding or reducing

prolonged rest periods at high voltage is an effective strategy to extend battery life in

off-grid solar-battery systems.

4.2 Manuscript
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Abstract

Aging studies of lithium-ion batteries using field data face two major difficulties: the
complex degradation behaviour of battery and the limitations of field measurements.
With years of extensive field usage, large-scale battery aging data becomes available. An
important question is how much we can know about battery health from field data? In this
work, we address this by analysing data from 114 commercial lithium ion phosphate (LFP)
battery packs used in sub-Saharan Africa, each running for 100 to 1200 days. A hybrid
method, combining Gaussian processes with equivalent circuit models within an extended
Kalman filter based co-estimation framework, was used to track battery health directly
from daily operational data. To validate the method we also calculated health labels using
a separate, independent approach for comparison. Comparing the two methods, we achieve
1.4% mean absolute percentage error and 0.2Ah mean square error (on 9.9Ah nominal
capacity) on average for capacity estimation. Population-level analysis shows time spent
below 6.7V is the dominant factor determining pack aging rate. Additionally, degradation
mode estimation was achieved by reconstructing differential voltage curves from field data.
It is found that long rest times at high voltages could causing severe aging. This work
highlights the opportunity for multidimensional health diagnosis and life prediction of
LFP cells from field data.

Keywords: Battery, field data, degradation, health, estimation, differential voltage

1 Introduction

Due to energy poverty and lack of grid infrastructure in Africa, 600 million people do not have
access to electricity [1]. In recent years, decentralized solar-battery systems (especially lithium-
ion) have begun to be widely used in many countries to provide local families with affordable
energy. While the demand for energy services in Africa is set to grow rapidly, whether solar-
battery systems are a viable long-term economical solution is still questionable. One of the
major challenges is the uncertainty of battery aging [2]. Accurate state-of-health (SOH) diag-
nosis and life prediction in real-world operating conditions are essential for safety, warranties,
and timely maintenance [3]. Also, SOH estimation from field data helps to understand the
influence of varying customer usage on battery aging, improving future battery design and
selection [4]. Unlike high resolution multimodal data from lab testing, field-collected signals
often only contain terminal voltage, temperature and applied current at a relatively low sam-
pling rate [5]. Further challenges arise because of the lack of ground truth health labels, which
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are available through low C-rate lab tests, or a on-site reference test requiring a certain sys-
tem downtime [6]. Also, difficulties such as data absence and low-quality sensors may make
the problem even more difficult.

Many studies have been undertaken on the topic of battery health estimation [7]. Generally,
one may categorize them into model-based [8–11] and data-driven approaches [12–16]. For
model-based SOH estimators, equivalent circuit models (ECMs) and electrochemical models
(EMs) are typically used. State-of-charge (SOC) is one of the model states, while SOH metrics
are regarded as model parameters. Terminal voltage is often the only measurement or model
prediction. Battery capacity, as one of the major SOH metrics, is indirectly connected to
terminal voltage via SOC.

Two estimation paradigms are widely used to achieve co-estimation of model states and
parameters. One is joint estimation [9, 10], which combines states and parameters into an aug-
mented state vector. A nonlinear Kalman filter is then employed to estimate both states and
parameters at the same time scale. Although joint estimation is straightforward to implement,
it suffers from poor numerical conditioning due to the vastly different time scales of the state
and parameter dynamics [17]. Another approach is dual estimation [8, 11], which separately
estimates states and parameters, and different time scales can be applied for states and param-
eters. Dual estimation may be more numerically stable by enforcing time scale separation. Any
cross-correlations between states and parameters are lost by decoupling their dynamics [17].
For both joint and dual estimation, the parameter dynamic is often described by a random
walk process. There is no built-in guarantee that the parameter estimation will converge to
anything with physical meaning, especially with a poor initial guess [11]. The limitations of
field data (low resolution, data gaps, sensor noise) will further threaten the SOH estimation
convergence of model-based methods.

As an alternative, data-driven methods regard SOH estimation as a regression task, without
requiring an underlying physically-motivated model to describe input-output behaviour. These
methods aim to find the mapping directly from extracted aging-related features, as inputs, to
SOH labels, as outputs. Various kind of features are reported to be closely related to aging,
such as time spent in certain operating conditions [14] and capacity-voltage curve changes
[13]. While these features works well on lab datasets, for field data with uncontrollable cycling,
these features may not always be available. A wide range of algorithms can be adopted for
regression, such as support vector machines [18], Gaussian process (GP) regression [12] and
various neural network approaches [15, 19]. As most of these methods are supervised learning
techniques, a certain amount of feature-label pairs are needed to train the model, and the
learnt mapping may change across different datasets.

While most studies discuss SOH estimation from lab aging data, there are several that
now include real field aging data [20–22]. Large numbers of solar-connected lead-acid batteries
are analyzed in Aitio et al. [20], where resistance is regarded as the key SOH metric. A
73% accuracy for end-of-life (EOL) prediction was achieved at 8 weeks in advance. Unlike
in lead-acid systems, for Li-ion batteries, capacity is often used to denote health. Because of
a lack of ground-truth capacity measurements from battery systems in the field, extensive
experiment efforts were made in Figgener et al. [22], with regular check-up tests operated for
21 private battery management systems for up to 8 years. Coulomb counting was used to
estimate capacity by down-selecting cycling segments between end of charge (EOC) and end
of discharge (EOD).

This method is, however, fragile for LFP systems because accurate SOC is challenging to
estimate due to the flat OCV curve, and long resting times to achieve equilibrium may not be
available. Although capacity and resistance are very common SOH metrics, they do not provide
information on underlying aging mechanisms. Degradation modes go some way to filling the
gap; lost lithium-ion inventory (LLI) and lost active material for the positive (LAMpe) and
negative electrode (LAMne) are widely accepted degradation mode metrics. These may be
estimated from differential voltage (DV) [23] or incremental capacity (IC) analysis [24], using
OCV measurements.

Experimental works [25, 26] show that different usage profiles cause different evolution in
degradation modes. An ideal health estimation scenario would be to estimate both capacity
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drop and the contribution of degradation modes from field usage data. However, a constant
current discharge at low C-rate (normally < 0.1C) is often required to obtain useable DV and
IC curves, and this is usually not available in dynamic field cycling.

To conclude, the challenges for SOH estimation of battery systems in field can be sum-
marized into three topics: First, the indirect connection between SOH and terminal voltage,
as well as the limitations of field-collected signals, make parameter estimation with model-
based methods difficult. Second, varying operating conditions and lack of ground truth labels
(e.g., independent capacity measurements) make it difficult to build pure data-driven models.
Third, capacity itself is insufficient to describe the link between field cycling and correspond-
ing aging effects. The estimation of degradation modes is also needed to provide insight into
underlying causes of degradation.

To tackle these challenges, this paper analyzes 114 commercial LFP packs used in sub-
Saharan Africa, each running 100 to 1200 days. A hybrid method combining an ECM and GP
was employed to achieve multidimensional SOH estimation from field data without requiring
labels. Specifically, a GP is used to model the aging effects on ECM parameters (capacity
and resistance). The resistance was estimated as a function of both aging time and operating
conditions. So-called ‘pseudo-labels’ of capacity for 56 packs were estimated to provide a
separate comparison and validate the approach. Using this method, comparing the GP-ECM
method against the direct Coulomb counting method, on average 2% MAPE and 0.2Ah RMSE
were achieved for capacity estimates, and 13% MAPE and 0.72Ah RMSE were achieved for
predictions. Population analysis on all 114 packs shows that the time spent below 6.7V over
a system lifetime has a close relationship with capacity drop per day. A low number of days
spent below 6.7V is likely to be caused by long rest periods at high voltage, due to lack of
customer use, for these systems. Moreover, DV curves were constructed from the estimated
resistance functions, enabling estimation of degradation modes (LLI and LAMne). Compared
to normal customer use, accelerated aging (increased LLI and LAMne) was found when packs
were rested at high voltage. Thus, we conclude that decreasing or avoiding long rest periods
at high voltage is a good strategy to prolong battery life in this application of off-grid solar-
batter systems. Along with this paper, we publish the dataset consisting of operational data
from the 114 LFP packs covering over 2500 months of field cycling, which to our knowledge
will be the largest open field dataset for LFP batteries.

2 Results and discussion

2.1 Dataset

The dataset used in this work was provided by Bboxx, a company that manufactures and
operates solar-battery energy systems. The product considered here is a small LFP-based sys-
tem with nominal voltage 6.4V and nominal capacity 9.9Ah, consisting of 3 cells in parallel
and 2 in series, and a warranty of 5 years (details in Supplementary Information). The nomi-
nal capacity was calibrated by the manufacturer at 0.2C and 25 ◦C. The measured quantities
available from these field packs are pack-level terminal voltage, applied current, and temper-
ature. Due to memory limits, data are only collected with a sample rate of 2 minutes. The
operation time for the 56 packs covers from 100 to 1200 days.

Fig. 1(a) shows an overview of the geographical distribution of the packs considered in this
work. All are located near the equator, giving plenty of solar radiation and a 20-40 ◦C yearly
temperature variation, Fig. 1(b,f). The overall voltage usage histogram is summarized in Fig.
1(c). After a battery pack is charged to its upper cut-off voltage (7.2V) from daytime solar
power, it is disconnected from the solar panel and then has a long resting period, resulting
in the first peak around 6.7V. The second and third voltage peaks in Fig. 1(c) represent
rest voltage values after customer discharging—they are less clear because of shorter rest
periods after discharging. For applied current, Fig. 1(d) reveals that the solar charging C-
rate ranges from 0.05 to 0.3C and the discharging C-rate is lower (<0.1C), with clear peaks.
These represent the customer usage, which for these systems is quite uniform and primarily
dictated by the number of appliances connected (e.g., lights, phone charging, radio and TV).
The operational data for these packs can be downloaded from a public repository.
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(c)

(b)

(d) (e) (f)

Togo
Kenya
Rwanda
Ghana
DRC

(a)

Fig. 1 Overview of the battery dataset used in this study. (a) Geographical locations of LFP packs. Pack
number summary: 62 in Rwanda, 17 in Togo, 12 in Kenya, 12 in DRC, and 11 in Ghana. (b) Monthly average
equivalent full cycles (EFCs) and temperatures, per country. (c)–(f) Butterfly plots of measured (c) terminal
voltages, (d) charging and (e) discharging currents (normalised by nominal capacity), (f) temperatures, for all
systems.

2.2 Baseline capacity estimates

Unlike lab battery health data, field measurements do not usually include regular check-up
tests. This presents a challenge for validating health estimation methods. To address this issue
and provide comparison data for the estimation algorithms we discuss later, we used a simple
coulomb-counting method to calculate ‘pseudo-labels’ for discharge capacity. This provides
baseline capacity estimates as long as sufficiently deep, low-rate discharge segments can be
found within the data [22].

Two typical 24-hour usage profiles are shown in Fig. 2. Solar-battery systems often have
clearly separated charging and discharging segments, in contrast to applications such as electric
vehicles. There is an excess of solar during the day, allowing both battery charging and supply
to loads. Each battery is typically fully charged during the daytime, and then discharged to
customer loads from late afternoon until the next morning. By focusing only on discharge
segments when estimating capacity, the impacts of voltage hysteresis in LFP cells [27] can be
avoided. To identify suitable discharge periods where simple coulomb-counting can be used,
we searched for end-of-charge (EOC) and end-of-discharge (EOD) events, defined as points
after a lengthy rest period (more than 2 hours) following a charge or discharge, respectively.
Fig. 2(a) shows a clearly defined discharge segment with both EOC and EOD demarcations,
whereas Fig. 2(b) shows a segment with EOC but no clear EOD event.

Where usable discharge segments are available, such as in Fig. 2(a), we can regard the
beginning and end voltages as OCV measurements. Using these measurements, and a separate
beginning-of-life lab measurement of the OCV-SOC relationship (see Supplementary Informa-
tion), one can estimate SOC at beginning and end of the segment, then calculate capacity
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(a)

(c)

(b)

(d)

(e)

Fig. 2 Baseline capacity estimates using Coulomb counting between relaxation points. (a) Example discharge
profile with two adjacent EOC and EOD relaxation periods, suitable for ‘pseudo-label’ capacity estimation. (b)
Example profile without EOD relaxation that cannot be used for capacity estimation. (c) Extracted capacity
pseudo-labels vs. operational days for all packs. (d) Extracted capacity pseudo-labels vs. equivalent full cycles
for all packs. (e) Summary of numbers of packs with and without pseudo-labels, as well as numbers in each
aging group. (f) Capacity values at the end of each operational period.

‘pseudo-label’ estimates Q̂ by rearranging the usual equations for Coulomb counting,

SOC1 − SOC0 =

∫ T

0
I(t)dt

Q
,

Q̂ =

∑
Ik ·∆tk

SOC1 − SOC0
,

(1)

where Ik are current measurements at time step size ∆tk, and SOC{0,1} indicate known SOCs
(from OCVs) at beginning and end of discharge, respectively.

Have established a simple method to estimate capacity, we can now examine the lifetimes
of different products by looking at capacity fade trajectories over time. We categorized sys-
tems roughly into three groups according to the capacity drop between the first and the last
identified pseudo-labels: (i) no clear aging (‘NA’), with less than 0.5Ah capacity drop; (ii) mild
aging (‘MA’), with capacity drop 0.5Ah–1.5Ah; (iii) severe aging (‘SA’), with capacity drop
greater than 1.5Ah. Figs. 2(c,d) show the calculated pseudo-labels for all three groups plot-
ted against operational days and equivalent full cycles (EFC), respectively. Aging trends are
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Field operation data Aging-aware ECM
Multi-dimension 
health diagnosis

Segment extraction

Fig. 3 Overall workflow for health estimation. L–R: Field operational data from LFP battery packs measured;
8–20 discharging segments extracted across life; equivalent circuit model with functional parameters mapped
by GPs fitted, resulting in capacity, resistance and differential voltage analysis.

relatively easy to identify for the severe and moderate aging groups. Because of the flatness of
OCV curve within the middle SOC range, however, this simple method of capacity estimation
is sensitive to voltage noise especially under shallow discharge cycles, and thus considerable
noise can be observed in Figs. 2(c,d).

A major limitation of this naive estimation method is the absence of EOD relaxation
conditions. As shown in Fig. 2(b), usage profiles may only have EOC relaxation points without
corresponding EOD points. As the discharging period usually continues until the following
morning, there is often no rest period between discharging and the subsequent next charging
period. As shown in Fig. 2(e), amongst all 903 packs considered, only 56 packs had more than
10 pseudo-labels throughout their operational time. Specifically, there were found to be 27
packs with no aging, 21 with moderate aging, and 8 with severe aging. At the data collection
date (October 1, 2024), all packs with no or moderate aging still maintained more than 80%
nominal capacity, a point that is often considered to be ‘end-of-life’ (EOL), although this is
an arbitrary convention. Most of the severely aged packs, in contrast, had capacity well below
80% and some had dropped to as low as 4Ah by this point.

2.3 Multi-dimensional health diagnostics approach

To overcome the limitations of the simple approach described in the preceding section, we
developed a probabilistic machine-learning based approach that will now be outlined. Shown
in Fig. 3, the overall modelling and inference process includes four steps. First, recorded
voltage, current, and temperature data at a sampling rate of 2 mins are obtained from a
central database. Discharge segments are selected (see details in Supplementary Information)
for model fitting. Overall, 8–20 segments were extracted for each pack depending on the
operational time for each pack. Then, an aging-aware ECM is used to estimate health by fitting
both capacity (Q) and resistance (R0), the first as a function of time, and the second as a
function of time and operational conditions (SOC, current, temperature). Differential voltage
curves are estimated indirectly using the learned Q and R0 (as per [28]), allowing estimation
of degradation modes (LLI and LAMne). Finally, the customer usage profile is linked to the
capacity drop as well as corresponding degradation modes to build an population usage-driven
lifetime model. Further details on the implementation can be found in the Methods section.

2.4 Health diagnostics and prediction from field data

We now present and discuss several health diagnostics results from LFP field data. Fig. 4(a,b)
show estimated capacity fade trajectories for two example packs taken from the severe aging
(SA) and moderate aging (MA) groups, respectively. The trajectories include the mean and
uncertainty from the GP posterior, and are also compared to the ‘pseudo-label’ capacity
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(a)

(c)

(b)

(d)

SA1

SA1

SA2

SA2SA1

MA1

MA1

MA2

MA2

Fig. 4 Results of discharge capacity estimation and prediction. (a) Two example packs from SA group.
Capacity estimates under 80%/100% number of segments for training. Predictions into near future is included
to show the extrapolation ability of proposed model. (b) Two example packs from MA group. (c) Estimated
capacity curves for packs from all three groups. (d) Statistic evaluation of model performance.

estimates described in Section 2.2. To demonstrate our method’s ability to make short-term
capacity forecasts, the top row of plots shows fits from data up to the black dashed vertical
lines, but the trajectories to the right of the vertical lines are created by running the GP
forward into the future without seeing new data; in these regions the trajectory follows the
most recently learned linear trajectory in the data.

For both moderate and severely aged battery packs, good estimation accuracy can be
observed—the estimated capacity fade coincides well with pseudo-label baseline estimates.
In terms of short-term predictions, the property of the nonstationary kernel used [29] just
tracks the most recent path, and this may or may not fit subsequent baseline estimates well.
When there is no sudden change in aging rate, the short-term forecasts can give good results
compared to baseline estimates, such as in the SA2, MA1, and MA2 examples. However, an
example where there is a significant deviation is in SA1, Fig. 4(a), which has a large capacity
drop after 600 days—this leads to large prediction errors. However, with more up-to-date
segments of newer data included, the overall aging trend is captured again, as shown by the
second row of plots. Capacity estimation results for all 114 packs, fitting all data (i.e., no
short-term predictions) are given in Fig. 4(c). There are 56 packs (belonging to the SA, MA,
NA groups) with pseudo-labels, and another 58 packs without labels are also included.

To quantify the accuracy of the ECM-GP estimation approach compared with the base-
line estimates, the mean absolute percentage error (MAPE) and the root mean square error
(RMSE) are used, defined as

MAPE = 100 · 1
n

n∑

t=1

∣∣∣∣
yt − ŷt

yt

∣∣∣∣

RMSE =

√√√√ 1

n

n∑

t=1

(yt − ŷt)
2

(2)
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where yt represents true value of capacity (here assumed to be the baseline pseudo-label) and
ŷt is the model estimation. Fig. 4(d) summarizes the MAPE and RMSE results for all packs
in the SA, MA and NA groups when using 80% of segments for fitting (i.e. results in the
second row of Fig. 4(a)(b) are not summarized here). Less than 2% MAPE and less than
0.3Ah RMSE are achieved for most packs, with the worst performance up to 6.4% MAPE
and 0.67Ah RMSE. The moderately aged packs have the best group median results of 0.7%
MAPE and 0.09Ah. When making short-term predictions compared against unseen data,
less than 5% MAPE and less than 0.5Ah RMSE are achieved for most packs. The overall
predictive performance is worse than the estimation performance, which is unsurprising given
that the trajectory just follows the most recently learned linear path into the future, and
cannot predict sudden accelerated capacity fade. The method is fundamentally a data-driven
tracking and smoothing approach, not a mechanistic model of aging (however, we will address
this later). Nonetheless, these results demonstrate that the estimates are accurate and useful
for short-term prediction of capacity fade. For better visualization, three SA packs with very
large prediction errors were excluded; details can be found in the Appendix E. Additionally, a
random walk-based dual estimation model is included as a benchmark comparison in Appendix
D; this shows that our method outperforms the random-walk model, achieving more accurate
and smoother capacity estimates for SA1, SA2, MA1 and MA2.

2.5 Resistance function estimation and rationalization

In addition to capacity estimation, the ECM-GP hybrid method also estimates battery inter-
nal resistance. The estimates are a multi-dimensional function of time as well as operating
conditions (temperature, SOC, current), and the mappings are learnt from the data. Fig. 5(b)
shows the estimated internal resistance as a function of SOC for the four packs (SA1, SA2,
MA1, MA2) shown before. The influence of temperature and current variation is small com-
pared to the influence of SOC. The temperature dependence of R0 can be found in Appendix
F. For the dependence on applied current, Fig. 1(e) shows that discharge C-rate is gener-
ally small (<0.2C), which makes its influence on resistance negligible. Aging causes a general
increase in resistance R0 across all SOCs. We also note that the shape of the R0-SOC curve
shows a rapid increase at low SOC, as well as smaller fluctuations typically around 25% and
70% SOC.

This learnt functional form of the resistance vs. SOC is consistent with expected underlying
Li-ion battery electrochemical behaviour. First, like most ECMs used in literature [30], a
fixed OCV-SOC relationship from beginning of life is assumed, and this is used to estimate
subsequent SOC values from OCV estimates. However, in reality, aging changes the OCV-SOC
function in more complex ways than just scaling a fixed function with diminishing cell capacity.
Also, OCV-SOC changes may arise from other factors, for example cell-to-cell variability. Thus,
a more realistic expression of the learnt R̂0 function includes changes to the OCV-SOC curve,
and can be written

V = V0(ζ) + IR0(C, ζ), C = (z, I, T )

V =
[
V 0 +∆V0(ζ)

]
+ IR0(C, ζ)

V = V 0 + I ·
[
∆V0(ζ)

I
+R0

]

︸ ︷︷ ︸
R̂0(C,ζ)

,
(3)

where ∆V0(ζ) is the change in the OCV-SOC relationship at some later point in time, and V 0

is the fixed beginning of life relationship.
To further understand the behaviour of the resistance, we compare the output equations

of the single particle model (SPM) and the simple ECM used here, it is apparent that the
learnt resistance R̂0 includes contributions from three factors: OCV changes, charge transfer
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(a)

(c)

(b)

(d)

SA1

SA1

SA2

SA2

MA1

MA1

MA2

MA2

Fig. 5 Resistance estimates from field data reflect changes in underlying OCV curves and can be used for
differential voltage analysis. (a) Measured beginning-of-life OCV-SOC curves for discharging, charging and
average of them. Large hysterisis effect can be observed between charging and discharging OCV-SOC curves
The dV/dQ curve for average OCV-SOC is also included. (b) Estimate of R0 as a function of SOC for four
example packs (SA1, SA2, MA1, MA2). (c) Simulation of charge transfer resistance Rct against SOC and
against applied C-rate. (d) Estimates of dV/dQ curves across operating life for the four example packs.

resistance (Rct), and ohmic resistance from the electrolyte, electrodes, tabs etc.:

V = OCPpe −OCPne︸ ︷︷ ︸
OCV, V0

+ ηpe − ηne︸ ︷︷ ︸
reaction

overpotential

+ I ·Rs︸ ︷︷ ︸
ohmic and ionic

resistance

R̂0 =
∆V0

I
+Rct +Rs, Rct =

ηpe − ηne
I

.

(4)

Fig. 5(a) shows the lab-measured beginning-of-life OCV-SOC curve and corresponding
dV/dQ-SOC curve (for the same cell used in Bboxx packs, details in Supplementary Infor-
mation). As the overall OCV shape changes relate to the relative shift in positions of the
OCPs of the individual electrodes, as well as shrinking of individual electrode OCPs [31],
differences between the estimated OCV and the beginning-of-life OCV cause peaks to grow
and shift in the dV/dQ-SOC curve (and changes to the OCV-SOC curve). This then leads
to the measured fluctuations seen in the learnt R̂0 function. Fig. 5(c) shows a simulation of
Rct against SOC generated according to the Bulter-Volmer equation [32]. This simulation is
done through Pybamm with the built-in ‘Prada2013’ parameter set.This explains the overall
U-shape component in the learnt R̂0 function.
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(a) (b)

D
V
(V
/A
h)

(c)

Q2Q1

(f)(d) (e)

Fig. 6 Examples for linking field usage to degradation modes. (a) The DV curve with two characteristic

capacity Q1 and Q2 representing LAMn and LLI respectively. (b) Reconstructed dV 0
dQ

and I · dR̂0
dQ

in eqn. 5. (c)

The estimated DV curve across operation lifetime. Peaks (P1, P2) are highlighted. (d-f) three example packs
experiencing accelerated aging due to long rest time at high SOC level. Special voltage profiles are highlighted
through red dot lines, and enlarged in inset windows

.

2.6 Differential voltage analysis from field data

Differential voltage analysis (DVA) is a commonly used tool for understanding battery degra-
dation modes, enabling quantification of lost lithium inventory (LLI) and lost active material
(LAM) in each electrode [33, 34]. The DV curve is usually obtained by differentiating low-
rate measured discharge voltage with respect to cumulative discharge Ampere-hours. Based on
half-cell data, peaks on the DV curve can be assigned to electrode phase transitions [35, 36].
Peak shifts and inter-peak distances can be used to calculate LLI, LAMpe and LAMne.

As mentioned in the preceding section, and in Zhou et al. [28], reconstruction of a DV curve
from field data is possible if one assumes that the majority of changes in estimated internal
resistance are actually caused by changes in OCV, rather than resistance. Substituting for R̂0

from Eqn. 4, the DV curve can be further expressed as,

DV(z) =
1

Q

dV

dz
=

1

Q

[
dV 0

dz
+ I · dR̂0

dz

]
(5)

Typically, a low rate (e.g., C/20) is required to obtain a DV curve; this aims to achieve near
electrochemical equilibrium conditions and can be interpreted as maximizing the influence of
the ∆V0 term and minimizing the influence from the R0 term (see Eqn. 3). For the Bboxx packs
analyzed, the small and relatively uniform discharging C-rates (Fig. 1(e)) enable reconstruction
of DV curves with relatively small influence from R0. Thus, given the fixed beginning-of-
life OCV (V 0), and combining our estimates for Q and R̂0, DV curves can be reconstructed
across the operational time for each pack. Fig 5(d) shows reconstructed DV curves for the
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four example packs (SA1, SA2, MA1, MA2). In the severely aged packs, clear peak shifts can
be observed, whereas in the moderately aged packs, noticeable changes in peak locations are
minimal.

Although we do not have half-cell data for the cells used here, we can attribute peaks in the
DV curve to individual electrodes on the basis of literature [37, 38]. Since the LFP positive-
electrode material has a very flat voltage plateau across a wide range of SOC levels [34], the DV
curve for LFP cells is mainly dominated by the graphite negative electrode voltage behaviour.
Thus, only LLI and LAMne can reliably be estimated from reconstructed DV curves. Fig. 6(a)
shows that LAMne is represented by changes in Q1, and LLI is represented by changes in Q2.
Fig. 6(b) shows an example of dV0/dQ and I · R̂0/dQ, which correspond to two terms in the
definition of the reconstructed DV curve, Eqn. 5. Combining these, we obtain estimated DV
curves across operational lifetime in Fig. 6(c).

Degradation mode estimates from field data allow us to observe how customer usage pro-
files affect battery aging, beyond just using capacity fade trajectories. Fig. 6(d,e,f) show three
severely aged packs as examples, demonstrating that resting at high voltage can cause accel-
erated increase in both LLI and LAMne. For most of their use, these packs were cycled within
a relatively wide voltage window (6.0V to 7.2V), representing a relatively intense daily usage
profile. However, as shown in the right-hand zoomed-in section of Fig. 6(d), there is signif-
icant time period without any customer discharging. This causes the pack to be charged to
the upper cut-off voltage and left to rest there, every day, for several months. Under this
extreme usage profile, SA1, SA2 and SA3 all show accelerated increase in LLI. There are sev-
eral possible explanations for this. First, as the graphite electrode is almost fully intercalated
with lithium, it becomes more reactive with the electrolyte solvent, making it susceptible to
faster solid-electrolyte interphase (SEI) growth, even at rest [39, 40]. Continued SEI formation
consumes Li-ions permanently, causing increase in LLI. Second, the positive electrode is also
more likely to oxidize electrolyte at fully de-intercalated state (i.e., high cell SOC), resulting
in oxidation products and triggering further parasitic reactions [41]. Third, the increased tem-
perature (35–40 ◦C) during daytime will exponentially accelerate these effects. On the other
hand, in the left zoomed-in window of Fig. 6(d), a shallow discharging behaviour prevents the
pack being rested at fully charged state, leading to more modest aging.

Another point worth noting is that LAMne also shows accelerated increase during fully
charged long rest stages for SA1 and SA3. Compared to LLI, LAMne is normally not listed as
major degradation factor in the literature for LFP cells. The potential reasons may includes
particle isolation and fracture caused by mechanical stress. Specifically, the previously men-
tioned SEI growth may isolate graphite particles, making them electrochemically inactive [40],
which result in LAMne increase. Also, deposition of Fe on the graphite electrode has been
experimentally observed in literature and causes increasing graphite inaccessibility [42]. On
the other hand, full lithiation of graphite induces lattice expansion, and when the cell is held
in this state for a long time, stress can be built at particle interfaces, leading to structural
changes [43, 44] and causing particles to be unable to participate in charge transfer.

2.7 Population lifetime model

Capacity trajectory estimates from all 114 packs provide a basis for examining the factors
that govern aging at the population level. To compare packs with different operating times
and aging profiles, we defined an aging rate metric instead of using the absolute capacity
fade over the entire operating period. This metric is the capacity drop (∆Q) per day before
the pack degrades to 90% of its initial capacity. Fig. 7(a) shows that, across all 114 packs,
the distribution of ∆Q per day is right-skewed with a long tail. We therefore applied a log
transformation to this metric to give an aging-rate metric with a more symmetric distribution,
i.e. log(∆Q per day). This can be considered the ‘output’ of the life model.

The ‘inputs’ of the model should reflect the factors driving aging, and ideally these should
be controllable by the user or designer. For example, if we learn that high temperature accel-
erates aging, then we might try to improve the thermal management approach. To summarize
usage in each system, we considered multiple features extracted from the voltage, current, and
temperature data of each pack. A full list of features is given in the Appendix G. To avoid
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(a)

(c) (d)

(b)

Fig. 7 Population life modelling shows that aging is driven by usage: systems left at high voltage degrade
faster. (a) Distribution of capacity drop per day and its log-scale transformation. (b) SHAP analysis showing
importance of usage-related features when predicting log(∆Q per day) labels. (c) Scatter plots of the dominant
feature, time spent below 6.7V, vs. labels, including three example packs (colours). (d) Plots of the terminal
voltage for the example packs.

overfitting, highly correlated input features were discarded, retaining only those with rela-
tively strong linear relationships with the output label, log(∆Q per day). Fig. 7(b) presents
the results of a SHAP (SHapley Additive exPlanations) analysis that indicates the relative
importance of the selected features. After examining many different possible features we found
that a key factor is time spent in certain voltage regions [14]. The dominant feature found
here, days spent below 6.7V, reflects the relative usage intensity of systems. Below this volt-
age level, customers discharge their systems during the day rather than leaving them charging
but not supplying loads.

The relationship between this dominant feature, time spent below 6.7V, and the output
label (log(∆Q per day)) is directly plotted in Fig. 7(c), where three example packs having high,
median, and low values for time spent below 6.7V are highlighted. Their detailed terminal
voltage profiles are also shown in Fig. 7(d). It can be seen that aging is accelerated in systems
that do not spend much time below this voltage threshold (i.e., spend a lot of time at high
voltage). The correlation is reasonable but not perfect—there is also impact from temperature,
the second most important feature, and cell-to-cell variability. However, to reiterate, differences
in time spent below 6.7V across packs mainly arise from the intensity of customer discharging.
As the packs are connected to and charged from solar panels, in the absence of customer usage
(i.e., discharging to loads), they are charged to the upper cut-off voltage and rest at full SOC
on a daily basis, with a high rest voltage (>6.7V). More rest periods mean less customer
discharging, resulting in a smaller value for time spent below 6.7V. From Pack-0 to Pack-
2, the terminal voltage profiles show increasing customer discharging (and correspondingly
fewer resting periods). We conclude that, for these LFP packs used in solar off-grid systems,
prolonged resting at high voltage accelerates pack aging and should be avoided.
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V0(z)

R0(z,T ,ζ)

I

Vterm

Fig. 8 Equivalent circuit model for Li-ion battery

3 Conclusions

Real-world operating data from 114 commercial LFP packs has been analyzed using a proba-
blistic machine learning approach combined with equivalent circuit models to diagnose health
and understand the factors driving life. Accurate estimates for capacity, and reconstruction of
degradation modes (LLI and LAMne), have been demonstrated for these packs. To validate our
method, we also generated baseline capacity estimates using Coulomb counting from a limited
number of deep discharges between relaxation periods. The resulting comparison shows that
we can achieve 1.4% MAPE and 0.2Ah RMSE on average for capacity estimation across the
packs considered. In addition, all 114 packs were used in a population aging analysis where
it was found that time spent below 6.7V is closely related to pack aging rate. This is largely
influenced by battery resting behaviour. The less a customer discharges the pack, the more
time it will rest at high voltage. This indicates that resting at high voltage (nearly full SOC)
will accelerate pack aging in the LFP cells considered here.

Beyond capacity estimation and life modelling, we also discuss degradation mode analysis
from field data, using estimated resistance as a proxy for OCV-SOC functional changes. The
estimated LLI and LAMne quantities enable a direct link to be established between usage
profile and electrode-specific degradation. High voltage rests accelerate both modes.

Alongside this paper, we also publish the dataset consisting of operational data from 114
packs, covering more than 2500 months of field cycling, which to our knowledge will be the
largest available field dataset for LFP batteries. Broadly, this work highlights the opportunity
to use machine learning combined with conventional circuit models to estimate multidimen-
sional battery health from live operational data, and then gain insights into the factors driving
aging. There are several key impacts: Capacity estimates and predictions help to inform cell
replacement logistics and total cost of ownership accounting. Understanding the link between
usage patterns and aging can lead to opportunities to extent battery life for example by reduc-
ing time spent at high voltage. Finally, rolling out these methods across different types of cells
(e.g., from different suppliers) can enable comparative performance assessment and inform
future cell selection.

4 Methods

4.1 Aging-aware equivalent circuit model

As shown in Fig. 8, a simple ECM is used to model battery dynamics. This approach is based
on our former work [28] and the method in Aitio et al. [45]. The corresponding mathematical
formulation is given as

Vterm = V0 (z) +R0 (z, T, ζ) I

dz

dt
= IQ−1 (ζ)

(6)

where z is the SOC, I is the applied current, and V0(z) represents the OCV-SOC curve, which
is often measured at beginning of life and assumed to be fixed over life. In this work, a new
LFP cell, the same type used in Bboxx packs, was tested in our lab for a initial-of-life V0(z).
Two timescales are involved in the model, one is the operating timescale (t), which is often
at the seconds level. Another is the life-long aging timescale (ζ), which can vary from days
to months depending on usage. The variables I, z, Vterm are all functions of t, unless written
in their discrete-time versions that are demarcated with subscripts (e.g. zi). For clarity the
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time-dependence of the continuous-time variables is assumed, rather than written out in every
equation. For simplicity, we use a vector to denote operating conditions,

s = [z, T ]⊤. (7)

The inverse capacity term Q−1 is modeled as a GP over ζ, while the resistance term R0 is
modeled as a GP over s and ζ,

Q−1(ζ) ∼ GP (m(ζ), k (ζ, ζ ′))

R0 (s, ζ) ∼ GP (m (s, ζ) , k ((s, ζ) , (s′, ζ ′))) .
(8)

where k is the covariance/kernel function used in GPs. Different kernels are used for capacity
Q and resistance R0. For Q, life-long aging dependency is modeled with a wiener velocity(WV)
kernel,

kWV (ζ, ζ ′) = σ2
ζ

(
min3 (ζ, ζ ′)

3
+ |ζ − ζ ′| min2 (ζ, ζ ′)

2

)
(9)

The WV kernel is a non-stationary kernel that is more suitable for extrapolating aging
trends into the future. For R0, the dependency on operating condition and life-long aging are
described by a multiplication of two kernels,

k ((s, ζ) , (s′, ζ ′)) = kMatern32 (s, s′) kWV (ζ, ζ ′)

kMatern32 (s, s
′) = σ2

s(1 +
√
3d) exp(−

√
3d)

d2 = |s− s′|⊤
[
l−2
z 0
0 l−2

I

]
|s− s′| .

(10)

The goal is to get maximum-a-posteriori(MAP) estimates for kernel hyper-parameters θ by
minimize the negative log maximum likelihood(NLML).

NLML = − log p(y | X, θ) =

− 1

2
yT

[
KX + σ2

nI
]−1

y − 1

2
log

∣∣KX + σ2
nI
∣∣− n

2
log 2π.

(11)

where, the kernel matrices are simplified as KX = k(X,X), KX,∗ = k(X,X∗). X and
X∗ represent train and test samples, respectively. However, as the matrix inversion scales
computationally at O

(
n3

)
, long time series from battery field operation pose challenges for

training GPs in a standard way. To address this, a stata-space formulation [46] is employed to
interprets the Gaussian process Q−1(ζ) and R0(s, ζ) as the solution to a linear time-invariant
stochastic partial differential equation (LTI-SPDE),

∂Q(ζ)

∂ζ
= FQ−1(ζ) + Lω(ζ)

∂R0(s, ζ)

∂ζ
= (Ins

⊗ F)R0(s, ζ) + Lω(s, ζ).

ω(s, ζ) ∼ GP(0,Ks ⊗ ω(ζ))

(12)

where, the transition matrix F, dispersion matrix L, and the the white noise process ω(ζ)
are determined by the life-aging time kernel kWV. R0(s, ζ) represents the values of R0 on
a set of discretized operational points s = (s0, s1, ..., sns) at a specific aging time ζ. Ks is
the covariance matrix for operation condition kernel kMatern32 . Intuitively, one can view this
approach as constructing a LTI system which takes a white noise process as input and generates
an output that is the desired Gaussian process. For R0(s, ζ), the dependency of the operating
condition is maintained through the constructed noise process. Once the GP is formulated as
a discrete-time LTI system, the hyperparameter NLML in eqn. 11 can be achieved recursively
using a Kalman filter and Rauch-Tung-Striebel (RTS) smoother [47], enabling linear time
complexity O (n) in forward model runs [46].
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5 | Conclusion

5.1 Contributions

5.1.1 Battery lifetime early prediction

The aim of the Chapter 2 was to achieve accurate battery EoL prediction based on cycling

data from early-life usage. We divided health features into two categories, individual

cell-level features (reflecting cell intrinsic variability) and population-wide features (re-

flecting impact of cycling conditions on a population average). This categorization was

motivated by commonly observed battery aging behaviour. For a group of identical

batteries, cycling under different usage conditions often leads to significant differences

in aging behaviour, primarily reflecting usage-induced degradation. On the other hand,

lifetime differences are also observed among batteries cycled under the same usage pro-

file, which are attributed to intrinsic cell variability. These initially small cell-to-cell

differences tend to magnify as aging progresses.

In the first paper of Chapter 2, the proposed population-wide feature—SOC-averaged

charging C-rate, shows a strong linear relationship (0.71 Pearson coefficient) with EoL

labels. This feature defines differences between protocols in the sense of total ohmic

heat generation in the cell during each charging period. Given that the open dataset

used [26, 27] was designed for fast-charging applications, this result suggests that a

significant portion of the aging is driven by variations in the charging profile, rather

than intrinsic manufacturing variability. Also, it is likely the cell heating effect is the

key factor for aging under this fast-charging test. This finding also agrees with the

analysis of Alexis’s work [32], in which they found features encoding cycling conditions

boost model accuracy mainly because they predict protocol-to-protocol variability. We

also recognised features derived from the shift in the 𝑄(𝑉) curve to be individual-level

features, representing intrinsic cell variability.

In the second paper of Chapter 2, we expanded the range of usage conditions (in terms

of charging C-rate, discharging C-rate, and depth of discharge, DoD) using a self-
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collected dataset (generated by collaborators in University of Connecticut). A feature

was proposed encoding average cycling ‘stress’, defined Stressavg = (C0.5
dchg · DoD0.5 +

C0.5
chg ·DoD0.5)/2. Individual-level features were collected from the incremental capacity

curves. Specifically, segments of the incremental capacity curve within a certain voltage

interval (3.6 V to 3.9 V) are extracted from two RPT tests (the week 0 RPT and the week

3 RPT, respectively). Then, the mean and variance of the difference between these two

extracted segments are used as individual-level features, which reflects the evolution of

the incremental capacity curve during early life usage (i.e. first 3 weeks).

The datasets used to validate HBM performance are different in chemistry. The first

paper [1] of Chapter 2 analysed an open dataset consists of 169 LFP cells underwent fast

aging experiments, while the second paper [2] analysed and published aging data from

225 NMC cells covering 61 more realistic cycling conditions. In general, LFP cells tend

to show more cycle life under moderate operation conditions compared to NMC cells

[81, 82]. NMC cells often have higher energy density which makes them more sensitive

to certain degradation mechanisms, such as high-voltage stress, structural degradation

of cathode, and Li-plating at the anode. However, in Chapter 2, NMC cells show much

longer lifetime compared to LFP cells. This is due to the vast differences in the aging

environments they experienced. Each fast-aging cycling condition operated on LFP

cells consist of a step-wise 3-8C charging profile as well as a 4C discharging profile.

And the depth of discharge is set to 100% (though, the high discharging C-rate will

result in the cell reaching lower cut-off voltage before fully discharged). While for NMC

cells, comparably moderate aging conditions are operated with charging and discharging

C-rates between 0.5-3C, and DoD between 5-100%. Under such extreme-rate operation

for LFP and moderate rates for NMC—the influence of intrinsic cell chemistry on aging

becomes secondary to that of operating conditions. In this case, degradation trends

are governed primarily by kinetic and thermal stresses imposed by the cycling protocol

rather than by material-specific reactions [83].

We observed that the relationship between individual-level features and EoL labels

changes under different usage conditions. This can be interpreted as a hierarchical

dependency between the two categories of features. To model this dependency explicitly
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and quantify uncertainty in predictions, we proposed a hierarchical Bayesian model

(HBM). Compared to baseline methods, the HBM achieved superior prediction accuracy,

particularly on out-of-distribution samples.

5.1.2 Battery SOH estimation

The purpose of Chapters 3 and 4 was to estimate the SOH degradation trajectory from

battery cycling data. In this context, the main contribution of Chapter 3 was the proposed

aging-aware ECM that integrates Gaussian process regression (GPR) into the ECM

framework. The dependence of ECM parameters on aging and operating conditions

was modeled using GPR, enhancing the model’s flexibility and effectively framing

SOH estimation as a learning task of this dependency. A state-space formulation of a

Gaussian process was employed to transform the GPs into a time-stepping state space

model, enabling a solution with linear time complexity. This formulation also allows

us to combine GP-represented parameter dynamics and ECM state (i.e. SOC) dynamics

into a unified nonlinear system. A recursive co-estimation framework was then proposed

to jointly estimate both model parameters and battery states from operational data.

The proposed aging-aware ECM builds upon previous works [79, 80] but with a simpler

ECM emphasizing the importance of the estimated resistance function. We observed

the estimated resistance function is significantly affected by the aging-induced shape

changes in the OCV-SOC relationship. This insight enables us to reconstruct differential

voltage (DV) curves, thereby allowing SOH estimation not only in terms of capacity but

also in terms of degradation modes. One remaining issue concerns the identifiability

of changes in OCV-SOC curve versus estimates of the resistance function. Given their

additive nature, it is impossible to distinguish them individually from terminal voltage

measurements. However, the differences in their influences on terminal voltage can be

compared. When the applied current is relatively small (< 0.5 C), the influence from

OCV changes dominant, which allows us to reconstruct reliable DV curves and get

estimations for degradation modes.

In Chapter 4, the goal was to estimate SOH from real-world operating data of LFP packs

and derive population-level aging insights based on the estimated SOH trajectories.
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Operational data from 114 LFP packs used in solar off-grid systems was carefully

analyzed. Compared to lab-tested data, field data presents greater challenges. This work

addressed these challenges systematically:

• First, the combination of the flat OCV profile of LFP batteries and shallow cycling

usage reduces ECM parameter identifiability. To address this, we developed

a segment extraction process, in which only deep and continuous discharging

segments are selected across the packs’ operational lifetimes.

• Second, field data often lacks ground-truth SOH values for model validation.

Based on the definition of discharge capacity, we derived ‘pseudo-labels’ for 56

packs, which validated the performance of our proposed aging-aware ECM by

providing a comparative SOH estimate.

• Third, the low sampling rate typical of field data can lead to significant errors

in Coulomb counting. However, we observed that the distribution of discharge

C-rates in these off-grid systems has distinct peaks, suggesting limited variability

in customer usage patterns.

A population-level aging analysis revealed that time spent below 6.7 V is closely related

to capacity drop per day. Low value for time spent below 6.7 V over a pack’s operational

life is often caused by limited customer discharging, which leads to long rest periods

at high voltage. This effect is also reflected in the estimated degradation modes—LLI

and LAMne. Compared to regular discharging usage, these degradation modes are

more pronounced when packs are left at high voltage for long durations. Therefore, we

recommend reducing or avoiding extended rest periods at high voltage as a strategy to

extend battery life in off-grid solar-battery system applications.

5.2 Future work

Over the course of this doctoral research, there has been an ever-increasing quantity of

research papers on implementing machine learning methods on the problem of battery

lifetime prediction and SOH estimation. Every innovation in the machine learning

domain fosters several new application papers in batteries. While powerful new methods
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often report outstanding accuracy on test cases, several concerns still remain. First, the

generalizability of these models beyond their specific training datasets is often unclear.

Many studies report high accuracy on well-curated lab datasets, but their performance

in real-world, noisy, and variable conditions is rarely tested. This raises the question of

whether the models are truly learning generalised underlying degradation mechanisms or

simply capturing dataset-specific patterns. Second, there’s the issue of data availability.

High-quality, diverse, and representative datasets are essential for training reliable battery

health machine learning models, but such datasets are still scarce—especially for field-

deployed batteries in diverse applications. This limits the scalability and reliability of

many proposed methods in broader industrial settings. Finally, the interpretability of

complex models is often limited, especially deep learning-based approaches. While

they may offer high prediction accuracy, they usually function as black boxes, making it

difficult to extract physical insights or understand why a battery is predicted to degrade

in a certain way. For engineers and practitioners seeking to optimize battery usage or

design better systems, such insights are often much more valuable than marginal gains

in accuracy.

5.2.1 Limitations and potential improvements

The work presented in this thesis has some limitations. For the topic of battery life-

time early prediction, the proposed HBM explicitly models the hierarchical dependency

between usage condition level and cell-level features. However, extracting informative

features that adequately summarize differences among usage profiles remains challeng-

ing. For lab aging datasets, cycling profiles are typically well controlled, making it

relatively straightforward to construct meaningful usage-condition features using vari-

ables such as charging/discharging C-rates and DoD. In contrast, field data exhibit

high-dimensional and heterogeneous usage conditions, with limited samples spanning

this space. As a result, reducing customer usage profiles to a low-dimensional set of

features becomes a substantially more difficult task. Another limitation arises from

the scarcity of training data. In principle, robust model performance relies on having

sufficient samples that cover the full usage-condition space. This requirement is difficult
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to meet because obtaining labels (e.g., discharge capacity) necessitates time-consuming

low-rate constant-current tests. Dataset expansion through data augmentation may offer

a promising direction to mitigate this issue.

For the topic of SOH estimation, the proposed aging-aware ECM can effectively estimate

both discharge capacity and the resistance function using discharging segments extracted

from daily usage. Although several principles have been proposed to guide the segment

extraction process, there is still a lack of quantitative metrics for comparing the effec-

tiveness of different segments in battery SOH estimation. Another limitation arises in

pack-level implementation. Daily operational data are often recorded only at the pack or

module level, providing very limited visibility into individual cell behaviour—typically

only the maximum and minimum values across the pack or module are available. Cell-

to-cell variability within a pack or module is a critical factor in assessing pack health, yet

it is not explicitly captured in the current aging-aware ECM. Finally, a further potential

improvement lies in adopting a more sophisticated ECM that incorporates voltage re-

laxation and hysteresis effects. However, this would substantially increase the difficulty

of model training, as the aging behaviour of all these circuit elements would need to be

learned from data.

The work presented in this thesis also gives rise to several future research directions.

Broadly, there are two key objectives when considering battery health. First, we aim to

obtain accurate SOH estimates for individual systems (either cells, modules, or packs)

based on field operational data. Second, we seek to derive population-level aging insights

and lifetime models that can inform practical strategies to extend battery lifetime. Future

works for both these two directions are discussed in the next two subsections.

5.2.2 Accuracy of state and parameter co-estimation under real-

world applications

The co-estimation of states and parameters remains a significant challenge, particularly

in real-world applications. In the lab, with sufficient time and resources, ECM states

and parameters can be calibrated separately. Since the terminal voltage after a long

rest period can be considered a proxy for the OCV, the battery state (i.e., SOC) can be
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inferred using a pre-tested OCV–SOC lookup table. With this calibrated SOC value,

carefully designed experiments, such as HPPC and GITT, can be used to separately

calibrate resistance, RC time constants, and capacity.

However, in the field, one must estimate both parameters and states jointly from opera-

tional data. The data required to identify capacity and resistance are different. Internal

resistance, as a function of SOC and temperature, can be identified using short current

pulses. Capacity, on the other hand, requires deep discharge periods at low rates so

that its influence on terminal voltage becomes observable. Moreover, accurate estima-

tion of both resistance and capacity depends heavily on SOC estimation accuracy. The

key question becomes: what types of operational segments enable better co-estimation

results?

An intuitive segment extraction process was introduced in Chapter 4. However, a clear

criterion for what kinds of field usage profiles are optimal for co-estimation of state

and parameter is still lacking. Some earlier work [84] uses Fisher information and

the Cramér–Rao bound to provide analytic limits on the estimation accuracy of SOC,

capacity, and resistance. However, the influence of sampling rate is not included in these

analyses, and the methods have only been validated on limited lab-test current profiles,

not on real-world cycling data.

5.2.3 Population-level mapping from usage profiles to aging effects

One major expectation for the study of battery SOH estimation is to get practical advice

about in-field operating strategy so that one can prolong battery lifetime. To achieve this

goal, the first step will be build the mapping between usage profiles and corresponding

aging effects. In Chapter 4, we did a preliminary population-level aging analysis for 114

LFP packs, which revealed accelerated aging effects caused by long rest periods at high

voltage.

However, it is difficult to build such a mapping for two main reasons. First, we notice

that summarizing usage profiles into several statistic values (or namely features) is a very

difficult task. In lab-test profiles, cycling conditions are largely controlled, often varying
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only one aspect at a time (such as charge C-rate, discharge C-rate, depth of discharge,

or ambient temperature). In contrast, for batteries used in the field, usage profiles can

vary in all of these aspects simultaneously, and may also involve additional factors that

are difficult to quantify —– for example, the dynamic nature of the applied current.

Moreover, for LFP batteries, the effectiveness of features extracted from voltage signals

is significantly reduced due to the flatness of the OCV-SOC curve. Cycling behaviors

within the middle SOC range (20–80%) produce only limited variation in the terminal

voltage signal. The hysteresis effect further worsens this problem.

Second, a reliable mapping that can guide daily operation requires a sufficiently large

number of feature-label pairs (i.e., different usage profiles and their corresponding aging

behaviors) in the training data. From a regression modeling perspective, more training

data helps the true underlying mapping to emerge more clearly, overriding noise and

spurious patterns. In population-level aging analysis, noise arises from two primary

sources: first, the accuracy of SOH trajectory estimation for individual batteries; and

second, the inherent cell-to-cell variability. Even batteries of the same type, produced by

the same manufacturer and cycled under identical protocols, can exhibit different aging

trajectories.

In the off-grid solar systems analyzed in Chapter 4, variability in usage profiles is

limited, as users typically operate them for common applications such as home lighting

and phone charging. We anticipate that more meaningful and informative mappings

between usage patterns and corresponding aging effects will emerge in applications like

electric vehicles (EVs) and energy trading, where usage profiles are far more diverse.
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Note S1 Cell Specifications

The Li-ion cells used in this study were 502030-size Li-polymer cells manufactured by Hong-
haosheng (HHS) Electronics in Shenzhen, China. The design and dimensions of these cells are
shown in Fig. S1. The specifications provided by the vendor are shown below.

• Nominal capacity: 250 mAh
• Nominal voltage: 3.7 V
• Fully charged voltage: 4.2 V
• Fully discharged voltage: 3.0 V

20.5 mm

5.3 mm

32 mm

Figure S1: 502030 pouch cell used in this study, annotated with its dimension.

Note S2 Detailed Battery Test Conditions

After completing the aging tests on a small batch of cells, we found the capacity loss during the first
week of cycling was extremely large. To better capture the capacity fade trend in this region during
future tests, we added an extra RPT after 0.5 weeks of cycling. Starting from G20, we performed an
additional RPT at week 0.5. This note is important since it affects feature extraction methods that
use numerical indexing to select the appropriate data.
By the time this manuscript was prepared, G49 and G57 hadn’t had any cells reach the end of life.
So, these two groups of cells were not included in this study, but the data will be available with
other groups in this dataset. G15 is omitted from the dataset because of severe degradation within
the first week of cycling and cells were removed for a safety concern. For the G15 condition listed
below, the DoD value is the designed (ideal) value.

Table S1: Cycling conditions of all groups

1 0.500 0.500 25.9% 49.27
2 0.500 0.500 46.1% 26.49
3 0.500 0.500 67.8% 23.71
4 1.000 0.500 47.3% 26.71

Group # Charging C-rate Discharging C-rate Mean DoD Mean Lifetime [weeks]

Continued on next page
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Table S1: Cycling conditions of all groups (Continued)

5 1.000 0.500 97.5% 12.45
6 2.000 0.500 27.2% 42.92
7 2.000 0.500 46.9% 26.93
8 2.000 0.500 67.2% 17.43
9 2.000 0.500 96.9% 6.02
10 2.500 0.500 47.2% 18.58
12 3.000 0.500 28.6% 17.09
13 3.000 0.500 47.3% 14.78
14 3.000 0.500 66.3% 5.39
15 3.000 0.500 100.0%
16 0.500 0.500 97.6% 16.11
17 1.000 0.500 67.5% 17.82
18 2.500 0.500 27.5% 25.79
19 2.500 0.500 65.7% 8.59
20 0.800 0.500 98.2% 12.07
21 1.200 0.500 98.0% 13.32
22 1.400 0.500 97.9% 9.85
23 1.600 0.500 97.6% 11.03
24 1.800 0.500 97.5% 10.27
25 1.800 0.600 51.4% 18.45
26 1.400 2.200 4.2% 39.79
27 0.600 2.400 57.8% 15.06
28 2.400 1.600 81.0% 9.03
29 1.600 1.800 52.5% 15.05
30 0.800 0.800 77.6% 13.31
31 1.200 1.000 61.4% 11.83
32 1.000 1.400 38.9% 18.72
33 2.000 1.200 40.6% 17.77
34 2.200 2.000 27.6% 21.40
35 1.825 0.500 97.0% 10.67
36 2.075 0.500 97.1% 10.23
37 0.725 0.500 98.1% 15.32
38 1.875 0.500 95.8% 10.62
39 1.475 0.500 97.1% 11.53
40 1.825 1.025 31.9% 28.97
41 2.075 1.775 67.0% 14.33

Group # Charging C-rate Discharging C-rate Mean DoD Mean Lifetime [weeks]

Continued on next page
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Table S1: Cycling conditions of all groups (Continued)

42 0.725 2.375 36.3% 18.67
43 1.875 2.325 38.0% 20.21
44 0.775 1.275 37.1% 19.25
45 1.125 1.725 80.3% 8.44
46 1.225 2.025 75.4% 8.84
47 2.325 1.925 48.3% 11.81
48 2.375 2.225 58.6% 9.66
49 0.975 0.675 18.8%
50 2.425 1.625 20.1% 20.77
51 2.275 1.875 53.6% 11.80
52 1.425 0.875 83.5% 15.63
53 2.025 0.825 91.5% 5.72
54 0.925 1.125 27.1% 27.19
55 1.025 2.475 61.4% 12.48
56 2.175 0.975 53.8% 18.46
57 1.775 1.175 17.4%
58 2.475 0.575 42.0% 19.36
59 1.325 1.825 31.6% 25.78
60 0.675 1.325 83.6% 10.67
61 2.125 1.975 54.1% 11.67
62 1.575 2.425 64.2% 11.54
63 1.975 1.675 80.6% 10.12
64 1.175 1.425 91.4% 8.16

Group # Charging C-rate Discharging C-rate Mean DoD Mean Lifetime [weeks]
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Note S3 Cycling Parameters vs. Lifetime

a cb

Figure S2: Group mean lifetime plotted as a function of a, Cchg; b, Cdchg; c, DoD.

Note S4 Initial Capacity vs. Lifetime

An analysis is done to check if initial capacity affects the lifetime. Fig. S3a shows the distribution of
the initial capacity of our dataset. To investigate if the initial capacity has an impact on the lifetime,
we plot the lifetime vs. the initial capacity, as shown in Fig. S3b. There is no clear trend between
the initial capacity and lifetime, even though some extremely long-lifetime cells have relatively low
initial capacities.

a b

Figure S3: Analysis of the initial capacity. a, Histogram of the initial capacity of the dataset. b,
Lifetime plotted as a function of initial capacity.
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Figure S4: Histograms of cell lifetime from the ISU-ILCC dataset of this work, the 169 LFP dataset
from Toyota Research Institute1,2, and the 48 NMC dataset from RWTH Aachen3,4.

Note S5 Comparison of Lifetime Distributions with Existing Datasets

To showcase the uniqueness of this new ISU-ILCC dataset, especially for lifetime modeling studies,
we compare the lifetime distribution of this dataset with those of several other datasets widely used
in the battery modeling literature. The histograms compared in Fig. S4 are from the ISU-ILCC
dataset in this work, the dataset with 169 LFP/Gr cells from Toyota Research Institute1,2, and the
dataset with 48 NMC/Gr cells from RWTH Aachen University3. To better compare across all
datasets, we calculate the lifetime of all datasets in the unit of weeks. Note that the 48 NMC/Gr
dataset from RWTH Aachen was collected under identical aging conditions across all 48 cells,
as the original study focused on cell-to-cell manufacturing variability3. As a result, the 48 cells
exhibited very small differences in their lifetime.
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Figure S5: Example capacity fade trajectories for groups cycled under different charging C-rates
and DoDs. The values inside parentheses indicate charging C-rate, discharging C-rate, and mean
DoD, respectively.

Note S6 Overview of Battery Aging under Varying Conditions

To showcase the many unique capacity-fade trajectories present in the dataset, we plot capacity-fade
curves from groups of cells whose cycling conditions make up a complete grid spanning a range of
charge C-rates and depths of discharge. This subset of 9 groups of cells, shown in Fig. S5, were
cycled with different charging rates and depths of discharge but a constant discharge C-rate of
0.5C in all cases. We observe that groups with high charging rates and moderate-to-low depth
of discharge (e.g., G8, G18, G19) experienced three-stage capacity fade. Their capacity initially
decreases quickly, then stabilizes into a slower linear fade, and then accelerates again towards the
end of life. More frequently, we observe a two-stage capacity fade trend from cells in some groups
(e.g. G1, G3, G6, G16). However, in a few cases, we also observe a one-stage capacity trend for
cells cycled at full depth of discharge and high charging C-rates (e.g., G9, G11). Our dataset’s
diverse capacity degradation trajectories make early-life feature engineering challenging because
cells experiencing rapid capacity fade during the first few weeks of aging can sometimes end up
having moderately long lifetimes. For example, G18 cells in Fig. S5 show rapid capacity fade
during the first few weeks of cycling but eventually had lifetimes greater than 20 weeks. On the
other hand, G16 cells show much slower capacity fade during the first few weeks but have lifetimes
of less than 20 weeks.
Additionally, we observe considerable in-group lifetime variation. Groups G1, G6, and G18 in Fig.
S5 show a large variation in lifetime for cells operating under the same test conditions. Cell aging
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Figure S6: Depth of discharge has a strong impact on lifetime variability. Here, the standard
deviation of group lifetimes is plotted vs. a, charging C-rate, b, discharging C-rate, c, depth of
discharge, d, the mean group lifetime. Smaller p-values indicate greater statistical significance of
the fitted value of the slope term in the regression fit.

variability can be caused by testing equipment inaccuracies, manufacturing variations, and even
internal defects, and is highly undesirable when designing battery-powered products. We conducted
a statistical analysis to elucidate the relationship between the three varying aging stress factors (i.e.,
Cchg, Cdchg, and DoD) and lifetime variability. We calculated the in-group standard deviation of
cell lifetime as a function of each aging stress factor, as well as the mean group lifetime, Fig. S6.
This reveals that only the depth of discharge (Fig. S6c) has a statistically significant relationship
with the observed cell-to-cell lifetime variability. However, we also observe that cells with longer
lifetimes have higher lifetime variability (Fig. S6d). These two results make it difficult to determine
the true source of lifetime variability—it might result either from shallow depths of discharge or
increased cell lifetime.
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Note S7 Validation of ∆Q(V ) Features

Fig. S7 shows the dV/dQ(Q) curve evolution of two cells highlighted in the main text for compari-
son, both having very similar var(∆Q(V )w3−w0) values.

Figure S7: dQ/dV (V ) curve changes between weeks 3 and 0 of two highlighted cells in the main
text, which have similar var(∆Q(V )w3−w0) values.

To further understand the reason behind the unsatisfactory performance of the well-known feature
extracted from ∆Q(V ) curves, we plot the ∆Q(V )w3−wo curves of the ISU-ILCC dataset (see
Fig. S8a), along with the ∆Q(V )100−10 from the TRI dataset1,2 (see Fig. S8b). Apparently, the
maximum difference exists at the lower cutoff voltage (V = 3.0V), which also reflects the total
capacity fade between weeks 0 and 3. So, as shown in Fig. S8c, the var(∆Q(V )w3−w0) correlates
with the capacity fade. Both phenomena indicate that the adapted feature on our dataset mainly
captures the capacity loss instead of the information related to early-stage degradation mechanisms.
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Figure S8: An overview of ∆Q(V ) curves from cells in two aging datasets. a, the ISU-ILCC
battery aging dataset. b, the dataset of Severson et al. and Attia et al.1,2.c, var (∆Q(V )w3−w0) of
the ISU-ILCC dataset. d, var (∆Q(V )100−10) of the dataset of Severson et al. and Attia et al.1,2.
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Figure S9: The grid search result for the optimal voltage interval to extract feature from dQ/dV (V ).

Note S8 Analysis of Incremental Capacity Feature

By using an exhaustive grid search with a minimum window size of 0.02 V, the result of finding
the optimal voltage interval is shown in Fig. S9. From this heatmap, we can clearly observe that
the feature extracted from voltage intervals around the major peak of the dQ/dV (V ) curve has
noticeably stronger correlations with lifetime.
To clarify the relationship between the peaks in the differential voltage curve and cell health, we
constructed half-cells from electrode materials obtained from disassembling a fresh cell. We cycled
the half-cells at a slow rate (C/20) and reconstructed a full-cell pseudo-open circuit voltage curve.
However, the negative electrode data is poor because half-cell assembly was challenging. During
assembly, we had to remove a water-soluble coating covering the negative electrode material by
scratching it off, as using solvents would have damaged it. This process is inexact, and it produced
poor electrode material, which then yielded poor results during cycling. Thus, we were unable
to attribute peaks on incremental capacity curves to the specific side of electrodes. Future work
on exploring degradation mechanisms in this dataset and the relationship between the early life
features and the dominant degradation modes will help us determine which electrode this feature
corresponds to.
The remaining unexplained variance in the new feature-lifetime correlation is likely due to the
unavoidable influence of a decreasing lithium inventory on the shape of the dQ/dV (V ) curves.
Decreases in lithium inventory can cause shifts in the voltages where peaks occur5. This causes
a small misalignment between the curves at weeks three and zero that varies cell-to-cell and
introduces variation in the incremental capacity feature extraction. Destructively analyzing
specific cells from the dataset would help to determine more concretely what the new feature
mean

(
∆dQ/dV 3.60V−3.90V

w3−w0 (V )
)

is capturing, but this was outside the current scope.
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Figure S10: An overview of the peak identification and tracking method for differential voltage
feature engineering.

Note S9 Differential Voltage Features

Like incremental capacity, differential voltage (dV/dQ(Q)) analysis can effectively diagnose
different component-level degradation modes in Li-ion cells6,7,8. However, differential voltage
analysis has yet to be widely used as part of automated feature extraction methods because curve
manipulation and automatic peak detection are challenging. Unlike incremental capacity, the
differential voltage is defined as a function of cell capacity, which can change cycle-to-cycle. The
changing capacity makes curve manipulation and feature extraction via vector operations more
difficult, as any two curves will not be the same length. Furthermore, the peaks and valleys of cells
experiencing fast degradation often merge, confusing maxima and minima detection algorithms.
Despite these challenges, we investigated extracting four capacity-based features from differential
voltage curves. The four features, QDVA,1 to QDVA,4 in Fig. S10, are designed to capture the
evolution of the differential voltage curve during early life and are derived from the locations of
peaks. The features capture the rate of change of different capacities and the relative shifts in the
differential voltage curves, calculated as ∆QDVA,1

w3−w0 = QDVA,1
w3 −QDVA,1

w0 .
The four differential voltage features are designed to quantify capacity losses attributed to each
electrode and capture shifts in the relative electrode balancing9. Keil et al.9 suggest certain capacities
can be estimated to determine the change in electrode balancing and the loss of active materials at
the positive and negative electrodes (LAMPE and LAMNE, respectively). A change in the cathode
capacity is captured through QDVA,2 since all the features of interest in this range are cathode
specific. Similarly, the anode capacity is captured through QDVA,3. The different balances of the
two electrodes are captured through QDVA,1 and QDVA,4, tracking the anode and cathode peaks,
respectively. Each of the four features is included in the feature selection process.
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Note S10 Capacity Fade and Constant Voltage Charging Time Features

In addition to features extracted from capacity-voltage curves and their derivatives, we derive a set of
features from direct cell measurements of time and capacity. A benefit of these features is that they
can be achieved using lower sampling frequency, measurement precision, and less data processing
than the aforementioned curve difference features, making them suitable for implementation on
battery health monitoring devices. The first feature extracted is the time spent in the constant-
voltage (CV) charging step during each RPT, denoted CV Timewi. We also calculate the difference
between two weeks’ constant-voltage charging times, denoted ∆CV Timew3−w0. A panel plot
illustrating the extraction of these features and their correlation with cell lifetimes is included in the
Supplementary Information. During charging, the constant-voltage charging step occurs as the final
stage in charging. Data collected from CV charging steps have successfully been used to estimate
the state of health of Li-ion batteries in recent literature10,11,12. The extracted CV features reflect the
interaction between capacity loss (decreasing the overall charging time) and increasing resistance to
intercalation due to the degradation of the active electrode material.
Additionally, we extracted features from the discharge capacity in RPTs, such as the cells’ initial
capacity Qw0 and the capacity fade between weeks three and zero ∆Qw3−w0, capturing the initial
state of the cell and its relative change during early life, respectively.
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Note S11 Feature Extraction Details

The following table contains all 29 extracted features and their Pearson (linear) correlation coef-
ficients with log(lifetime). Additionally, we mark the specific features selected for use in the
degradation-informed models using the values “2” and “3”, corresponding to the elastic net and
HBM models built using two and three features, respectively. Figure S11 shows a correlation
matrix containing the correlation coefficients between the extracted features, color-coded by the
direction and strength of the correlation. This heatmap clearly shows that many features have strong
collinearity, suggesting feature selection is necessary.

Table S2: All extracted early-life features. Includes both condition-level and cell-level features.

Feature ρ with log(lifetime) Selected for Elastic Net Selected for HBM
Cchg −0.178

Cdchg −0.086

DoD −0.682 3 Cell-level: 3
Cchg

0.5DoD0.5 −0.689

Cdchg
0.5DoD0.5 −0.543

(Cchg
0.5DoD0.5 + Cdchg

0.5DoD0.5)/2 −0.784 Clustering Variable: 2, 3
Cchg

0.5DoD0.5 × Cdchg
0.5DoD0.5 −0.733

log(|mean(∆dQ/dVw3−w0(V )|) −0.668

log(|var(∆dQ/dVw3−w0(V )|) −0.634

log(
∣∣mean(∆dQ/dV 3.0V−3.6V

w3−w0 (V )
∣∣) −0.143

log(
∣∣mean(∆dQ/dV 3.6V−3.9V

w3−w0 (V )
∣∣) −0.848 2, 3 Cell-level: 2, 3

log(
∣∣mean(∆dQ/dV 3.9V−4.2V

w3−w0 (V )
∣∣) −0.097

log(
∣∣var(∆dQ/dV 3.0V−3.6V

w3−w0 (V )
∣∣) −0.367

log(
∣∣var(∆dQ/dV 3.6V−3.9V

w3−w0 (V )
∣∣) −0.315

log(
∣∣var(∆dQ/dV 3.9V−4.2V

w3−w0 (V )
∣∣) −0.482

log(|mean(∆Qw3−w0(V )|) −0.716

log(|var(∆Qw3−w0(V )|) −0.686

log(CV Timew0) 0.223

log(CV Timew3) −0.141

log(|∆CV Timew3−w0|) 0.369 2, 3 Cell-level: 2, 3
log(Qw0) −0.048

log(Q3.0V−3.6V
w0 ) 0.241

log(Q3.6V−3.9V
w0 ) 0.103

log(Q3.9V−4.2V
w0 ) −0.278

log(∆Qw3−w0) −0.668

∆Q1
w3−w0 0.102

∆Q2
w3−w0 −0.603

∆Q3
w3−w0 −0.470

∆Q4
w3−w0 −0.409
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Figure S11: Corrlation matrix of all 29 extracted early-life features.
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Note S12 Selected Feature Details

Figure S12: An overview of the 10 selected features based on the results from the step-wise feature
selection technique.
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a b

Figure S13: Overview of prediction results for degradation-informed elastic net model with two
input features. a, True and predicted lifetimes using features extracted from weeks three and
zero (w3 − w0) with embedded histogram showing prediction residuals. b, The RMSEEOL and
MAPEEOL error metrics as a function of week numbers from which the early-life features, denoted
(wj − wi). Week four data is omitted from the study due to a testing error.

Note S13 Time Dependence of Input Features

Motivated by the need to predict cell lifetime as early as possible, we performed a study varying
the time frame from which the features are extracted to understand the impact on model accuracy.
Unfortunately, a testing error during week four caused irreversible data loss for a large batch of cells,
so week four data is omitted from this study. Using the degradation-informed elastic net model with
two features, we vary the RPTs from which the features are extracted and record the test errors for
the high and low-DoD test datasets. The results are shown in Fig. S13b.
First, we analyze the accuracy trend with the starting week fixed to week zero (i.e., wi = 0). Under
this setting, the prediction errors on the high-DoD dataset consistently decrease as the time between
RPTs increases. However, the prediction errors for the low-DoD test set are found to slightly increase
with increasing time-frame around weeks five and six wj = 5, 6. This is likely because many cells
experience rapid degradation after week five/six, which alters the feature-lifetime relationship for
cells with short lives. This causes the model to change its fit, decreasing its prediction accuracy on
long-lifetime cells.
Second, we analyze the accuracy trend by looking at the time between any two RPTs. Along the
diagonal, the delta between any two RPTs is one week. Under these conditions, we observe a
substantial increase in model prediction error on both the high- and low-DoD test sets compared
with counterparts toward the upper left corner (i.e., models with features extracted with intervals
longer than one week). This suggests a minimum time interval of (wj − wi) ≥ 2 is required to
accurately estimate the rate of degradation inside the cell from early-life features.
Finally, we observe that the model prediction error on the low-DoD test set continuously increases
with increasing starting week wi. This could be an effect of optimizing the incremental capacity
feature using data from weeks three and zero. The optimal voltage interval for this feature may
change with the RPTs used and was not accounted for in this study.
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Note S14 Training Process of Hierarchical Bayesian Model

The overall training process follows:

• Estimate level-2 posterior distribution by Bayes’s rule

P (γ, σ | {Y }) ∝
J∏

j=1

P (Yj | γ, σ) · P (γ, σ)

• Use level-2 posterior distribution as prior for level-1 parameters, calculate level-1 posterior
distribution

P (θj , σj | γ, σ, Yj) =
P (Yj | θj , σj) · P (θj , σj | γ, σ) · P (γ, σ | {Y })

P (Yj | γ, σ)
• Use level-1 posterior distribution to make predictions on individual labels

P
(
y∗j
)
=

∫

θj ,σj

P
(
y∗j | θj , σj

)
P (θj , σj | γ, Yj) dθjdσj
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Figure S14: Relationship between cell-level feature mean
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)
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time, colored by Stressavg.
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Figure S15: Overview of clustering results. a, Influence of number of clusters on clustering
score SSE. b, Histogram of stress factor Stressavg colored by cluster. c, Corresponding lifetime
distribution for each cluster.

Note S15 HBM Related Analysis

Fig. S14 shows a scatter plot of the cell-level feature mean
(
∆dQ/dV 3.60V−3.90V

w3−w0 (V )
)

vs. lifetime,
colored by Stressavg.
As Stressavg decreases, the slope of the cell-level feature-lifetime relationship becomes steeper.
However, the changing trend is not as clear when analyzing the data on a log-log plot. Normally,
the reason for using the log transform on both the feature and the target is to increase the Pearson
linear correlation coefficient, as a higher linear correlation will generally improve model prediction
performance. This pursuit of a one-for-all linear relationship between the feature and the target
hides the data’s differences and hierarchical structure caused by the various cycling conditions.

The clustering score SSE =
∑N

i=0 (xi − ci)
2, which describes the sum of squared distances between

sample points and their assigned centroid, is used to evaluate the influence of the number of clusters
on the clustering results.
Fig. S15a shows the SSE as a function of the number of clusters. According to the empirical elbow
rule13, we select K = 4 clusters. From Figs. S15b and S15c, we observe two sources of variability
that affect lifetimes. The first is the cross-cluster lifetime variability, which arises from differences
in usage, and is measured as a difference in Stressavg. The other source of lifetime variability arises
from in-cluster differences due to manufacturing variability and cycling tester variability.

126



10 20 40 60
True lifetime [weeks]

10

20

40

60

Pr
ed

ic
te

d 
lif

et
im

e 
[w

ee
ks

]

a

Training

High-DoD Test

Low-DoD Test

0 20 40 60

True lifetime [weeks]

0

10

20

30

40

50

60

Pr
ed

ic
te

d 
lif

et
im

e 
[w

ee
ks

]b
Cluster 0

0 20 40 60

True lifetime [weeks]

0

10

20

30

40

50

60

Pr
ed

ic
te

d 
lif

et
im

e 
[w

ee
ks

]

Cluster 1

0 20 40 60

True lifetime [weeks]

0

10

20

30

40

50

60

Pr
ed

ic
te

d 
lif

et
im

e 
[w

ee
ks

]

Cluster 2

0 20 40 60

True lifetime [weeks]

0

10

20

30

40

50

60

Pr
ed

ic
te

d 
lif

et
im

e 
[w

ee
ks

]

Cluster 3

0 20
0

20

4.55.05.5
0

20

4 5
0

20

9.5 10.0
0

10

9 10 11
0

5

Figure S16: Overview of HBM results. a, True vs. predicted lifetimes using the optimal two features
extracted from weeks three and zero (w3 − w0), with embedded histogram showing prediction
residuals. b, Predictions for each cluster with 2 standard deviations as the corresponding error bar
for each sample. The embedded histograms show a summary of error bars

4 3 2 1 0 1 2 3

log(|mean( dQ/dV3.6V 3.9V
w3 w0 (V)|)

10

20

30

40

50

60

Li
fe

tim
e 

[w
ee

ks
]

a
Cluster 0 - Training

Cluster 1 - Training

Cluster 2 - Training

Cluster 3 - Training

Cluster 0 - Test

Cluster 1 - Test

Cluster 2 - Test

Cluster 3 - Test
10 15 20

Intercept ( 0
j )

0

250

500

750

1000

Fr
eq

ue
nc

y

b

10 5 0

Slope_0 ( 1
j )

0

200

400

600

800

Fr
eq

ue
nc

y

0.0 2.5 5.0

Slope_1 ( 2
j )

0

200

400

600

800

1000

Fr
eq

ue
nc

y

0 5 10
Noise ( j)

0

500

1000

1500

Fr
eq

ue
nc

y

Cluster 0

Cluster 1

Cluster 2

Cluster 3

Figure S17: Visualization of HBM regression parameter uncertainties. a, Relationship between
log(

∣∣mean(∆dQ/dV 3.6V−3.9V
w3−w0 (V )

∣∣) and true lifetime across different clusters and train-test split
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Further analysis of uncertainty is shown in Fig. S17. The HBM successfully captures the changing
slope describing the relationship between log(

∣∣mean(∆dQ/dV 3.6V−3.9V
w3−w0 (V )

∣∣) and true lifetime in
Fig. S17a. By exploiting the assumption that cell-level regression coefficients are decided by
cycling stress cluster-level features, the HBM gives a reasonable fit for Cluster 3 samples (46) based
on a very limited training set (12). Considering the posterior predictive distribution expression
p
(
y∗j | Yj

)
, the uncertainty on predictions is influenced by both the uncertainly from the regression

intercepts and slopes θj , and the uncertainty due to measurement noises σj . Fig. S17b shows these
two kinds of uncertainties across all clusters. The posterior probability distributions for θj and σj

are much wider for cluster 3 than for any other clusters.
There are a couple of potential improvements regarding the performance of HBM on unseen data.
First, as discussed in Sec. 2.4, additional training samples or longer time intervals for extracting
features could reduce the overfitting issue. Second, since the feature selection process in this work is
based on the performance of a regular linear model, marginal likelihood-related criteria, such as the
Akaike information criterion (AIC) or Bayesian information criterion (BIC), could be incorporated
in deciding the optimal feature subsets for HBM at both the condition and cell level.
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Table S3: Prediction results under different feature sets

Feature Set Model MAPE [%] RMSE [weeks]
Training High DoD Low DoD Training High DoD Low DoD

Single-Feature
Models

log(
∣∣mean(∆dQ/dV 3.6V−3.9V

w3−w0 (V )
∣∣) Elastic net 20.1 21.8 24.1 3.8 3.8 7.5

HBM 20.5 22.4 23.8 3.7 3.7 7.9

log(|var(∆Qw3−w0(V )|) Elastic net 25.7 29.5 35.4 5.1 4.9 14.1
HBM 25.3 29.5 29.9 4.6 5.2 11.4

Multi-Feature
Models

log(|var(∆Qw3−w0(V )|), log(|mean(∆Qw3−w0(V )|) Elastic net 25.5 28.4 30.5 5.0 4.8 12.1
HBM 25.1 28.2 25.8 4.6 5.0 9.7

log(
∣∣mean(∆dQ/dV 3.6V−3.9V

w3−w0 (V )
∣∣), log(|var(∆Qw3−w0(V )|),

Cchg, Cdchg, DoD

Elastic net 19.9 20.0 25.8 3.7 3.5 7.7
HBM 19.5 20.5 23.2 3.5 3.3 8.1

log(
∣∣mean(∆dQ/dV 3.6V−3.9V

w3−w0 (V )
∣∣), log(|∆CV Timew3−w0|),

Cchg, Cdchg, DoD

Elastic net 16.5 15.0 29.2 3.1 2.8 8.6
HBM 17.3 15.3 21.0 3.0 2.8 7.8

Note S16 Comparisons with Algorithms and Features in Early Life Prediction

Control experiments have been done to examine the prediction accuracy of the two machine learning
models, elastic net and HBM, when trained with different feature subsets. The prediction results of
these experiments are summarized in Table S3, and the feature subsets are the following:

• Feature subset 1: log(
∣∣mean(∆dQ/dV 3.6V−3.9V

w3−w0 (V )
∣∣)

• Feature subset 2: log(|var(∆Qw3−w0(V )|), known as “variance model” in1.
• Feature subset 3: log(|var(∆Qw3−w0(V )|), log(|mean(∆Qw3−w0(V )|)
• Feature subset 4:
log(

∣∣mean(∆dQ/dV 3.6V−3.9V
w3−w0 (V )

∣∣), log(|var(∆Qw3−w0(V )|), Cchg, Cdchg, DoD

• Feature subset 5:
log(

∣∣mean(∆dQ/dV 3.6V−3.9V
w3−w0 (V )

∣∣), log(|∆CV Timew3−w0|), Cchg, Cdchg, DoD

There are several findings from these comparative results.

• In general, the HBM outperforms the elastic net model in extrapolation when there are
multiple features or when the feature has a relatively low linear correlation with lifetime
across the whole dataset.

• When we only consider a single feature, the proposed log(
∣∣mean(∆dQ/dV 3.6V−3.9V

w3−w0 (V )
∣∣)

feature outperforms log(|var(∆Qw3−w0(V )|), attributable to the fact that the former feature
has a higher linear correlation with lifetime.

• A comparison of the prediction results by the “variance model” and “discharge model” in1

shows that the discharge model, which has five input features, outperforms the variance
model, which has only one input feature.

• For feature subset 5, by combining cycling conditions (Cchg, Cdchg, DoD) with the two
optimal early-life features, both the training error and the prediction error on the high-DoD
test set (in-distribution samples) using a simple elastic net model decrease, and the prediction
accuracy on the low-DoD test set (out-of-distribution samples) worsens. However, the results
from HBM show its robustness to over-fitting. This finding is similar to that discussed in
Sec. 2.4, where we compared the results for the optimal 2- and 3-feature models.

To further illustrate the advantage of HBM in tackling the early life prediction problem formulated
in this paper, we perform some additional machine learning experiments. For this comparison
study, we use the feature set with two optimal features, log(

∣∣mean(∆dQ/dV 3.6V−3.9V
w3−w0 (V )

∣∣) and
log(|∆CV Timew3−w0|). The four candidate algorithms are elastic net, HBM, NuSVR, and Extra-
Trees. The latter two are proven effective in early life prediction in a large dataset with various
chemistries14. The results of this comparative study are summarized in Table S4.
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Table S4: Prediction results of different candidate algorithms

Model MAPE [%] RMSE [weeks]
Training High DoD Low DoD Training High DoD Low DoD

Elastic net 17.3 16.0 24.4 3.2 3.0 7.8
HBM 18.6 16.9 21.8 3.3 3.1 7.3
NuSVR 17.6 16.2 28.4 3.2 3.0 8.9
ExtraTrees 8.6 20.0 28.3 1.7 3.6 11.3

In general, HBM is advantageous in solving the problem defined in this work from two aspects.
First, the HBM considers the hierarchical structure of the dataset by learning the difference in
feature-lifetime relations resulting from varying aging conditions. In contrast, the other three models
consider all training samples equally, thus neglecting the effect of aging conditions. Second, the
problem setting in this work prevents NuSVR and Extratrees models from performing at their full
capability. NuSVR has a similar performance with elastic net because the optimal kernel selected
by cross-validated hyperparameter grid search, in this case, is a linear kernel. One advantage of
NuSVR or a general SVR is to tackle non-linear regression problems by selecting different kernels.
The ExtraTrees model fits the training set well, with the lowest training error, while producing
higher test errors on both test sets. This observation can be attributed to two potential issues. First,
the size of the training set is considered small for a decision-tree-based model in terms of both the
number of input features and the number of training points. Second, the prediction performance of
ExtraTrees on a test set is largely influenced by the discrepancy between the training and test data
distributions. Such a data distribution shift may likely be larger for the low-DoD test set, requiring
the model to extrapolate more when making predictions on this test set.
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Supplymentary: Proof of state space

transformation of Gaussian process

We provide the proof of state space transformation of Gaussian process. The core idea
is to represent the Gaussian process f(t) having the covariance function k(t, t′) as
output of a linear time invariant (LTI) stochastic differential equation (SDE).

1 Link Gaussian process and state space model via
covariance function

In particular, we consider m-th order scalar LTI SDEs as following:

a0f(t) + a1
df(t)

dt
+ . . .+ am

dmf(t)

dtm
= w(t), (1)

where a0, a1, ..., am−1 are known constants and w(t) is a white noise process. This can
be further written as first order vector form Markov process:

dx(t)

dt
= Fx(t) + Lw(t), (2)

where x(t) = [f(t), df(t)
dt , ..., dm−1f(t)

dtm−1 ]⊤, which contains the derivatives of f(t) up to
order m− 1. The matrices F and L can be written as

F =




0 1
. . .

. . .

0 1
−a0 · · · −am−2 −am−1


 ,L =




0
...
0
1


 . (3)

Now, operate Fourier transform on both sides of eqn. 2, we get

(iω)X(iω) = F ·X(iω) + L ·W (iω) (4)
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where X(iω),W (iω) are the Fourier transform of x(t), w(t) respectively. Further
calculate the spectral density Sx(ω) of x(t),

Sx(ω) = (iωI − F)−1L ·W (iω)W (iω)⊤︸ ︷︷ ︸
Sw(ω)=q

L⊤ [
(iωI − F)−1

]⊤
,

Sx(ω) = (iωI − F)−1LqL⊤ [
(iωI − F)−1

]⊤
.

(5)

Notice that, as a white noise process, w(t) has a spectral density Sw(ω) = q. By
defining H = [1, 0, ..., 0]⊤ we can extract the desired Gaussian process f(t) from x(t)
as f(t) = Hx(t). Thus, we can now get the spectral density Sf (ω) of f(t) as

Sf (ω) = H(iωI − F)−1LqL⊤[(iωI− F)−1
]⊤

H⊤. (6)

According to the Wiener-Khinchin theorem, spectral density is the Fourier transform
of the covariance function. For a zero-mean Gaussian process, it is defined by its
covariance matrix calculating from the chosen kernel function k(t, t′). Thus, for a
Gaussian process f(t), in theory, one can design a LTI system through F,L,H and q,
so that a white noise process with spectral density q is fed as system input, while the
system output is effectively the desired Gaussian process f(t).

However, not every Gaussian process can be written as LTI SDE as eqn. 1. One
premise needs to be satisfied, that is, the spectral density Sf (ω) can be written as a
special form:

S(ω) =
( constant )

( polynomial in ω2)
, (7)

Then, by applying spectral factorization [1], we can write the spectral density as

S(ω) = H(iω)qH(−iω), (8)

where the transfer functions H(iω) and H(−iω) have their poles in upper and lower
planes, respectively. This transfer function enables us to get a frequency domain
representation of the process f(t):

F (ω) = H(iω)W (ω) (9)

By comparing it with eqn. 1,

(iω)mF (ω) + am−1(iω)
m−1F (ω) · · ·+ a0F (ω) = W (ω)

[
(iω)m + am−1(iω)

m−1 + . . .+ a0︸ ︷︷ ︸
H(iω)−1

] · F (ω) = W (ω). (10)

where a0, ..., am−1 are the coefficients of polynomial in the denominator of H(iω).
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2 Matern32 kernel example

After proving the equivalence of Gaussian process f(t) and the corresponding LTI
SDE, the remaining question is, given a known kernel function k(t, t′), how exactly one
can formulate such a LTI SDE system to represent corresponding Gaussian process
f(t). Here, we give an concrete example for a Matern32 kernel, which can be written
as,

kMat(t, t
′) = σ2

(
1 +

√
3(t− t′)

ℓ

)
exp

(
−
√
3(t− t′)

ℓ

)
(11)

By set λ =
√
3/ℓ, the spectral density of this Martern32 covariance function can be

expressed as [2]

S(ω) ∝ 4λ3σ2

(λ+ iω)−2(λ− iω)−2
(12)

Notice that, the transfer function H(iω) = (λ + iω)−2 and the spectral density of
white noise process q = 4λ3σ2. According to eqn. 10, we can get

a0 = 0, a1 = 2, a2 = 1 (13)

Thus, the corresponding LTI SDE for Matern32 kernel can be represented by:

dx(t)

dt
=

[
0 1

−λ2 −2λ

]
x(t) +

[
0
1

]
w(t) (14)
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Supplymentary: Battery capacity and degradation modes

diagnosis for solar off-grid systems in Africa

Appendix A Bboxx LFP pack details

Basic performance

Nominal voltage 6.4V
Nominal capacity 9.9Ah
Nominal energy 63.36Wh
Expected cycle life 2000 cycles
Impedance (1kHz) 100 mΩ

Operation condition

Maximum charge voltage 7.2V
Discharge cut-off voltage 5.0V
Maximum charge current 3.5A
Minimum charge current life 3.5A
Charge temperature 10-55 ◦C
Discharge temperature -20-60 ◦C
Storage temperaturec -10-35 ◦C
Self discharge (at 50% SOC) ≤ 3% per month

Table A1 Student Database

Appendix B Segment extraction

An intuitive question about battery field data is whether all of them are necessary to achieve
a good estimation accuracy for the desired battery state and health parameters. Values of
health parameters, such as capacity and resistance, are expected to not change dramatically
during short periods of time. On the other hand, for an average LFP pack used in this work,
3 years usage data consist of 788400 recorded pairs for terminal voltage (V ), applied current
(I) and ambient temperature (T ). It would be a time-consuming and yet unnecessary task to
build a health estimation model based on all these usage data.

Table 1. summarizes the criterion we used to select discharge segments throughout the pack
operation time. The idea behind this criterion is to select the deepest discharge segment in a
monthly manner. The minimum voltage and discharge Ahs are set to mitigate the flat OCV
property of LFP, which guarantee a noticeable voltage drop within the discharge segment.
The EOC relaxation before head enables us to recalibrate SOC estimation at the beginning of
each discharge segment. Notice that, for some packs with less than 1 year operation time, the
one month sampling rate will be changed into half month or even 1 week. For the two-stage
training procedure, special care needs to be take for the first selected segment. In order to learn
a good representative of operation condition dependency of R0 and mitigate the problem of
overfitting to one single segment, multiple segments (2-5) are extracted in the first operation
month.

Appendix C Learning process of Q−1 and R0

The discrete-time state propagation for the ECM is a simple Coulomb counter that can be
expressed as

zi = zi−1 −Q−1Ii∆ti. (C1)
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Table B2 Discharge segments selection

Criterion Accepted range

Segment duration >7200 s
Discharge current <-0.05A
Minimum voltage <6.3V
Minimum discharge Ahs > 3Ah
Max data gap < 600 s
One deepest segment per month Yes
Continuous discharge Yes
EOC relaxation before head Yes
Minimum segments number across life 8

The discrete-time propagation for the inverse capacity and resistance parameters, which are
GPs, can be written as

xQ−1,j = exp (∆ζjFWV)xQ−1,j−1 + wj−1

xR0,j = exp (∆ζjIns ⊗ FWV)xR0,j−1 +wj−1,
(C2)

where, for the WV kernel, FWV =

[
0 1
0 0

]
represents the discrete-time interval on the life-

long aging scale. Because of the operating condition dependency of R0, Kronecker products are
used to describe the corresponding discretisation in Ins

⊗FWV and wj−1. One needs to balance
the number of discrete operating conditions and the calculation cost. For SOC dependency,
the 0 to 1 SOC range is evenly divided into nz = 20 discrete SOC levels. For temperature
influence, because all these packs locate in area near equator and most of discharging happen
at night, the temperature variation for selected training segments is small (within 10 ◦C, see
in Fig. F3). Thus, the temperature range (between max and min value) is evenly divided into
nT = 5 discrete points. In summary, we set nz = 20, nT = 5, resulting in ns = 100 discrete
operating points. The process noise terms wj−1 and wj−1 can be calculated by,

wk−1 ∼ GP (0,Ks ⊗ wk−1)

wk−1 =

∫ ∆tk

0

Ak−1LQcL
⊤A⊤

k−1dτ.
(C3)

where Qc for the WV kernel is σ2
ζ . The state covariance initialization and process noise

matrix of the joint system and GP subsystem are summarized as follows.

Pjoint,0 =

[
Pz,0 0
0 PGP,0

]
,PGP,0 =

[
PQ−1,0 0

0 PR0,0

]

Wjoint =

[
Wz 0
0 WGP

]
,WGP =

[
WQ−1 0

0 WR0 ,

] (C4)

where
PR0,0 = KMat ⊗Pζ0,WV, PQ−1,0 = Pζ0,WV

WR0 = KMat ⊗WWV, WQ−1 = WWV.
(C5)

In these equations, ζ0 represents the initial aging time step andKMat is the covariance matrix of
the Matern kernel at nz discrete SOC levels. For the selected WV kernel, the initial covariance
and noise matrix are

Pζ0,WV = σ2
z

[
1
3ζ

3
0

1
2ζ

2
0

1
2ζ

2
0 ζ0

]
,WWV = σ2

z

[
1
3∆ζ3 1

2∆ζ2
1
2∆ζ2 ∆ζ

]
. (C6)

we adopted our previously proposed co-estimation framework [20]. Within discharge seg-
ments, the GP states (i.e. circuit model parameters) and the ECM state are propagated jointly.
This means the GP dynamics described in eqn. C2 also evolve within each segment over time
steps of ∆t. However, since ∆t ≪ ∆ζ, the changes in Q and R0 over small time steps will be
small since the GP is relatively smooth on the timescale of ∆t.
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Between segments, however, only the GP states are preserved; the ECM state is reinitialized
at the beginning of every new discharge segment by inverse the terminal voltage via initial-of-
life OCV-SOC relationship (as long rest is guaranteed before every discharge segment). In this
way, the GPs describing capacity and resistance, as well as the ECM describing state of charge
dynamics each share the same observations (i.e. terminal voltage), but their propagation is at
different timescales.

Within a segment, the overall joint state vector for both ECM and GPs is given by

xjoint,i =




zi
xQ−1,i

xR0,i


 . (C7)

Between segments, the GP subsystem is linear and the GP state vector is given by

xGP,j =

[
xQ−1,j

xR0,j

]
. (C8)

Note that within a segment the joint system is nonlinear because Eqn. 6 is nonlinear in SOC
(z) due to the V0(z) and R0(z) functions. For simplicity, we write the nonlinear joint system
dynamics as

xjoint,i = g (xjoint,i−1, Ii−1,Wjoint,i−1)

Vi = h (xjoint,i, Ii−1, vi) .
(C9)

An extended Kalman filter is used to solve the system dynamics with local linearisation via
Jacobian matrices

Gi =
dg

dxjoint,i
, Hi =

dh

dxjoint,i
. (C10)

The full co-estimation framework is given in Algorithm 1. Because R0 is modelled with a GP,
its predictive variance needs to be included when calculating the noise covariance of output
(the I2i ΣR0,i term in Si).

Vi = V0 (zi) + IiR0,i + νi, νi ∼ N
(
0, σ2

v

)

E [Vi] = V0 (zi) + IimR0i

cov (Vi) = E
[
(Vi − E [Vi]) (Vi − E [Vi])

⊤
]

cov (Vi) = I2i ΣR0i
+ σ2

ν .

(C11)

The co-estimation in Algorithm 1 can be viewed as a single forward run of the pro-
posed model under a specific GP hyperparameter set and measurement noise variance (i.e.,
σ2
ζ , σ

2
s , l

−1
z , l−1

T , σ2
n). To find the optimal values of these, we use the accumulated NLML (Φ)

as our cost function. Because of the additive nature of the NLML, Φ can be updated during
the state and parameter co-estimation process. An outer optimisation loop using a gradient-
based L-BFGS-B algorithm is then used to obtain maximum a posteriori (MAP) estimates of
the hyperparameters for GPs, running the forward model many times, with each forward run
giving one evaluation of Φ.

The hyperparameter optimisation was solved in a parallel way on a virtualized Linux
platform with two physical Intel Xeon Silver 5216 CPUs at 2.1 GHz. Specifically, optimization
was performed for 8 packs in parallel at once, which took approximately 120 minutes to finish.

Appendix D Benchmark comparison

First proposed by Plett [8], dual extended Kalman filter are often used for the problem of bat-
tery SOC and SOH co-estimation. By separating time scales for state and parameter dynamics,
multi-scale dual estimation methods are proposed [48, 49]. Here, a multi-scale dual EKF esti-
mation model is used as a benchmark for model comparison. The parameter dynamics (i.e.
capacity and resistance) is described by a random walk process. Two extended Kalman filters
(EKF) are used for state (SOC) estimation and parameter estimates. Following the setting of
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Algorithm 1 Co-estimation of battery state and GPs using extended Kalman filter. The
NLML (Φ) is calculated recursively on every terminal voltage measurement.

1: Input: Operational segments across life, a hyper-parameter set (θ̂)

2: Output: estimates for Q and R0, corresponding cost function value Φ(θ̂)
3: Initialisation for co-estimation at ζ = ζ0
4: x+

GP = xGP,0,P
+
GP = PGP,0

5: Φ = 0
6: for segj ∈ segments do

7: x−
GP,j = exp(F∆ζj)x

+
GP,j−1 ▷ GP propagation

8: P−
GP,j = exp(F∆ζj)P

+
GP exp(F∆ζj)

T +WGP(∆ζj)

9: x+
joint = xjoint,0 = [z0,x

−
GP,j ]

⊤ ▷ Joint system initialization

10: P+
joint = Pjoint,0 =

[
Pz,0 0
0 P−

GP,j

]

11: for Vi ∈ segj do

12: x−
joint,i = g

(
x+
joint,i−1, Ii−1,Wjoint,i−1

)
▷ Joint system propagation

13: P−
joint,i = Gi−1P

+
joint,i−1G

T
i−1 +Wjoint,i−1

14: ei = Vi − h
(
x−
joint,i, Ii−1, vi

)

15: Si = HiP
−
joint,iH

⊤
i + I2i ΣR0,i + σ2

v

16: Li = P−
joint,iH

⊤
i S

−1
i

17: x+
joint,i = x−

joint,i + Liei ▷ Joint system update

18: P+
joint,i = (I− LiHi)

⊤P−
joint,i(I− LiHi) + LieiL

⊤
i

19: Φ = Φ+ 1
2e

⊤
i S

−1
i ei +

1
2 log |2πSi| ▷ Cost function update

20: end for
21: end for

previous study [49], parameters are estimated with macro scale (i.e., in a time step of 1200
seconds in this work), while the state is estimated with micro scale (i.e. in a time step of 120
seconds).

Adjustments are made to make this dual EKFs capable for long term capacity tracking.
Specifically, this dual EKFs model is operated from scratch for every single discharge segment.
For the first discharge segment, capacity and resistance are initialized with norminal values
(9.9 Ah and 0.1 Ω). For later segments, capacity and resistance are initialized with estimation
values from last segment. While the variance of capacity and resistance are always initialized
with 1 and 0.01 to enable noticeable updates. The capacity estimation result is shown in Fig.
D1. Overall, the benchmark model can somehow capture the decay trend of capacity; however,
the estimated values are quite noisy. There are two reasons: first, there is no theoretical
guarantee for the convergence of dual estimation [11]. And a bad estimation will be used
as the next initialization value, which further exacerbate this convergence problem. Second,
the random walk assumption for parameter dynamic allows arbitrary changes for parameters
without considering lifelong consistency with other estimated capacity values.

Appendix E Extreme capacity predictions

Fig. E2 shows packs with extremely large short-term prediction errors caused by a rapid ‘knee’
just beyond the prediction horizon.
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SA1 SA2

MA1 MA2

Fig. D1 Capacity estimation results from benchmark model for SA1, SA2, MA1 and MA2 packs. Noisy
estimates comes from the random walk assumption for parameter dynamics.

Fig. E2 Three SA packs excluded in Fig. 4 with extreme large prediction errors. From left to right, RMSEs
for capacity predictions are 2.13, 0.74 and 1.71. The MAPEs are 47.21%,10.12%,34.56%
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SA1

SA2

MA1

MA2

(a)

(b)

(c)

(d)

Aging

Fig. F3 Temperature dependency of R0 for the four example packs (SA1,SA2,MA1,MA2), respectively. The
temperature variation for selected discharge segments are summarized in histogram plots. And the aging effects
on temperature dependency are visualized through 3D plots.

Appendix F Temperature dependency of R0

As mentioned in main text, R0 is modeled as a function on SOC and temperature. Different
from SOC dependency, in which the R0 shows large variations, R0 has only small changes
against different temperatures. Fig. F3 shows the temperature dependency of R0 for four major
example packs (SA1, SA2, MA1, MA2).
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Appendix G Features for population aging analysis

Table G3 Full set of features extracted for population aging analysis

Feature column 1 Feature column 2

Time spent below 6.7V Time spent at rest
Time spent above 6.7V Time ratio of rest
Time ratio spent below 6.7V Average temperature at rest
Time ratio spent above 6.7V Average voltage at rest
Overall average voltage Overall average temperature
Variance of overall voltage Variance of voltage at charging
Variance of overall voltage at discharging Overall EFCs
Average EFC per day Average temperature at charging
Average temperature at discharging Average current at charging
Average current at discharging
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