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ABSTRACT

Lithium-ion batteries are emerging as a crucial technology in the world’s clean

energy transition. These batteries face challenges as they degrade with use due to

unwanted chemical side reactions. In this thesis, we propose two methods of using

relatively accessible battery data to predict important health metrics. These health

metrics improve battery safety, control, and decision-making.

In the first method, we leverage battery charging times to decipher measures of in-

ternal chemical degradation. Using machine learning, different modes of degradation

can be attributed to segments of the constant current and constant voltage charging

curves. This model is trained and tested using cells cycled under varying depths of

discharge and C-rate conditions inducing an array of degradation pathways. We can

gather insights into the model’s learning through input feature analysis to determine

key areas within the charging regime.

At the end of the battery’s first life, we can analyze its degradation modes to

determine its viability in second-life applications. This is conducted by using features

extracted from electrochemical impedance spectroscopy as input data to a binary

classifier. This determines whether a battery should be reused or recycled. The

distinction is made based on a metric that includes the current state of health of the

battery, and the slope of capacity degradation to the end of second life.

These contributions look to quantify variance and non-linearity in Lithium-ion

battery degradation to inform economic and safety-based decision-making. These con-

tributions also address challenges in data-driven battery modelling regarding model

explainability and data scarcity.
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Chapter 1

Introduction

As global temperatures rise, nations are pledging to lower carbon emissions to net zero

levels by 2050 following the Paris Agreement. Proposed Canadian climate policies

to aid in reaching this goal include zero-emission vehicle sales targets reaching 100%

by 2035 for new light-duty vehicles [5]. This accounts for approximately 15% of

Canada’s carbon emissions [6, 7]. Policies of this kind will see an exponential increase

in Lithium-ion battery (LIB) production, followed by an equivalent rise in battery

retirement. The LIB retirement boom is slated to occur over the next ten years. This

will result in a call for innovation in the battery recycling and reuse industries [1].

Figure 1.1: Projection of retired lithium-ion batteries between the years 2020 and
2040. Adapted from Mckinsey [1]



2

Electric vehicle (EV) batteries are typically retired once they reach 60-80% of

their initial capacity, also known as the state of health (SOH). This affects the battery

range leading owners to retire the vehicle after an average of 10-12 years [8]. Battery

recycling and reuse can be used to create a closed-loop system to reduce the initial

emissions associated with extracting minerals and battery manufacturing. Based

on life cycle analysis, EVs reduce greenhouse gas emissions anywhere between 20

and 70%, depending on the country’s electricity generation and vehicle operation

[9]. This will rise rapidly with the adoption of clean electricity generation, in turn

increasing the requirement for energy storage systems (ESS). When used as an ESS

for stationary, residential PV, utility PV, or EV fast charging applications, second-

life batteries reduce greenhouse gas emissions between 10 and 80% compared to new

LIBs [10, 11, 12]. Figure 1.2 provides a lifetime trajectory of Lithium-ion batteries

in relation to the battery capacity, and life cycle milestones [13, 14]. This figure

highlights the volatility in second-life aging as batteries experience rapid capacity

fade of varying degrees at some point during their lifetime[15].

Figure 1.2: A simplified battery capacity trajectory segmented into first and second
life.



3

1.1 Lithium-ion battery degradation

LIBs age due to complex internal chemical and physical degradation. To facili-

tate the integration and success of LIBs, operational, economic, safety, and lifespan

factors must be considered. Operating conditions such as depth of discharge, dis-

charge/charge rate, and temperature significantly affect battery capacity and power

by inciting degradation mechanisms [16]. Chemical and physical degradation mech-

anisms increase battery internal resistance, which affects battery performance and

can lead to thermal runaway. Degradation mechanisms such as electrode cracking,

lithium-plating, and electrolyte decomposition can be categorized by their influence

on the battery [17, 18]. These categories are denoted as degradation modes, which

include the loss of conductivity, lithium inventory, and active material. With varying

operating conditions between systems, this degradation can be unpredictable, raising

a need for methods of monitoring and forecasting battery performance [15].

We conduct cycle testing under various operating conditions and record data to

better understand battery stressors and their influence on degradation. While track-

ing current, voltage, capacity, and temperature data, characterization tests are used

to reveal information regarding the batterys health. This includes slow-charging

cycles and rapid current perturbations using tests such as high-powered pulse char-

acterization, impedance spectroscopy, and incremental capacity analysis to discern

degradation modes [19]. This data is used to develop models that provide key in-

sights such as battery SOH, state of charge (SOC), and remaining useful life (RUL).

These metrics help inform decision-making regarding safety, control, and retirement

planning.

When executing battery characterization tests in the field, the resources, data

analysis difficulty, and time required to complete testing dictate the feasibility of im-

plementation. Electrochemical impedance spectroscopy (EIS) is a useful method of

battery characterization as it takes less than 5 minutes and can be performed during

battery operation with recent technology developments. EIS operates by sending an

AC signal at various frequencies and computing impedance based on the resulting

voltage response. This impedance provides insights into the batterys internal degra-

dation of different paced processes based on the applied frequency, such as voltage

drop, charge transfer, and diffusion [20, 21].
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1.2 Lithium-ion battery modelling

LIB modelling is commonly categorized into electrochemical, black-box, and grey-

box techniques. Electrochemical models such as the pseudo-two-dimensional, single

particle, and equivalent circuit models are based on physics [22]. These models pro-

vide insights into electrochemical processes using differential equations, and circuit

elements. These models vary in complexity and require extensive parametrization

and re-parametrization at different health states. Electrochemical models can be

more quickly parameterized using grey-box biology-inspired search algorithms [23].

However, these algorithms still require rigorous computation and can be difficult to

implement onboard due to re-parametrization at different states. To expedite compu-

tation time, data-driven modelling using machine learning has become commonplace

in LIB health diagnostics [24]. Machine learning algorithms front-load the model

optimization in the training phase to make quick predictions on new data using the

parameterized model. This can be used to conduct real-time health predictions or

project future degradation. Machine learning can also decipher patterns from multi-

ple sources of complex data acting as a useful tool when coupled with existing battery

sensors [2]. These reasons make black-box modelling appealing for predictions related

to battery health and show promise for online integration with battery management

systems [25]. There are challenges with machine learning regarding data quality,

quantity, and model acceptance [26, 27]. To combat these challenges, models should

ensure data diversity and consider methods of enhancing model interpretability.

This thesis aims to apply machine learning algorithms to tackle challenges related

to LIB degradation. The two tasks we have chosen highlight the variability of LIB

degradation and showcase the importance of gaining information beyond standard

capacity measurements. The first addresses the need for real-time prediction of EIS

quantified degradation modes conductivity loss, loss of lithium inventory, and loss of

active material. The second study employs this knowledge of degradation modes to

sort retired LIBs based on their viability as a reused second-life battery. Our goal is

to determine solutions to these problems while being mindful of model practicality.

This involves selecting input data that is accessible and pragmatic for the selected

task, along with providing model transparency.
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1.3 Contributions

The contributions of this study follow our outlined objectives to apply rapid, inter-

pretable, and easily implemented machine learning algorithms to relevant challenges

in the LIB health monitoring field. We apply these objectives to two studies resulting

in the following contributions:

1. Our first study explores the variability of degradation mode propagation through

cycle life. A method of quantifying degradation modes using basic constant cur-

rent and constant voltage charging features using a Random Forest algorithm

is then implemented. Input feature importance is analyzed providing insights

into regions of importance within these charging curves.

2. The second study develops a method for classifying lithium-ion batteries for sec-

ond life using a one-shot EIS measurement approach. Data scarcity in second-

life batteries is addressed using a variational autoencoder for dataset augmenta-

tion. The results of this model are discussed with uncertainty against a baseline

method seen in real-world applications.

1.4 Agenda

This thesis has been organized into four chapters. Following the first introductory

chapter, chapters 2 and 3 are co-authored manuscripts that will be submitted for

publishing. There is a short preface for each of these chapters describing the role of

the authors. The structure of this thesis is as follows:

Chapter 2 - Degradation Mode Quantification Using Machine Learning This

chapter explains our data-driven method of quantifying EIS-determined degra-

dation modes in real time using accessible data. This model is trained and

tested using our in-house Molicel lithium-ion battery degradation data.

Chapter 3 - Data-driven Classification of Lithium-ion Batteries for Second-

life Applications

This chapter explores the benefits of using EIS data to gain insights into future

battery degradation. This method is applied to second-life Lithium-ion batter-

ies to classify whether they should be reused or recycled based on initial EIS

measurements.
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Chapter 4 - Conclusions This chapter highlights our contributions and ensure the

goals of this thesis are met. We also explore avenues for future work to expand

upon this research.
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Chapter 2

Lithium-ion battery degradation

mode quantification using machine

learning

This chapter is based on a manuscript that will be submitted to the Journal of

Power Sources with the same title as this chapter, authored by L. Murphy and Dr.

C. Crawford. The author L. Murphy was responsible for the methodology, data

processing, modelling, analysis, and manuscript writing. Author Dr. C. Crawford was

responsible for supervision throughout this study along with reviewing and editing

the manuscript. Jules Pare and Sean Buchanan are also acknowledged for their work

in the PRIMED battery lab gathering the data used in this manuscript.

2.1 Abstract

In this work, a method of quantifying degradation modes using accessible voltage and

current data for Lithium-ion battery health analysis is presented. The degradation

modes conductivity loss, loss of lithium, inventory, and loss of active material repre-

sent internal battery degradation mechanisms that lead to capacity and power perfor-

mance decline. The degradation modes were quantified after fitting experimentally

obtained NCA cell electrochemical impedance spectroscopy data to a second-order RC

circuit model. A random forest algorithm was used to predict these parameters based

on constant current and voltage charging times as the model input. The model was

able to achieve R2 values of 0.95, 0.98, and 0.91 when predicting degradation modes:
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conductivity loss, loss of lithium inventory, and loss of active material respectively.

The model’s feature weighting was analyzed using Shapley values to determine the

relative impact of certain areas of the constant current and constant voltage charging

curves on degradation mode prediction. It was found that both constant current and

voltage-based features had a significant impact on the model’s prediction.

2.2 Introduction

Electrification of the energy and transport sectors is imperative to achieving ambi-

tious climate targets set across the globe. This process hinges on the ability to store

energy effectively due to spatial and temporal challenges associated with variable

renewable energy resources, and end-use cases such as transportation. Lithium-ion

batteries (LIBs) are a highly efficient and energy-dense method of storage that can

be designed for a range of capacity and power requirements. The primary drawback

of Li-ion batteries is the degradation they experience, which is accelerated by stress

factors such as time, depth of discharge, C-rate, and temperature. LIB degradation

is typically referred to as capacity loss, however, many internal chemical and me-

chanical degradation mechanisms can be grouped based on their effect on battery

performance. These groups are referred to as degradation modes (DM) and are pri-

marily described by: conductivity loss (CL), loss of lithium inventory (LLI), and loss

of active material (LAM). CL is caused by the corrosion of current collectors and elec-

trolyte decomposition, leading to power fade in the cell preventing it from running

safely at its rated power and restricting use in specific applications [28]. LLI affects

battery capacity via chemical side reactions. This can take place on the solid elec-

trolyte interphase causing lithium to plate to the electrodes irreversibly, along with

pore blockage [17]. Finally, LAM describes the deterioration of the electrodes through

cracking, and structural disordering, resulting in both capacity and power fade. The

correlations between stress factors, degradation mechanisms, degradation modes, and

their effect on battery performance are visualized in Figure 2.1 [2, 3]. Understanding

the trajectory of these degradation modes as the battery is cycled can help inform on

the remaining useful life, safety, failure diagnosis, battery maintenance/replacement,

and optimal system control. The proper operation and care of LIBs can help facili-

tate the use of these batteries in second-life applications, prolonging the technology’s

life-cycle and reducing its overall carbon footprint.

Pseudo open circuit voltage (pOCV) modelling is one of the most common ways



9

Figure 2.1: Battery aging stressors and their resulting degradation pathways, adapted
from [2, 3]

to identify DMs. These techniques are referred to as incremental capacity (IC) and

differential voltage (DV) analysis, where slow charging and discharging cycles are used

to plot the rates of change in capacity in relation to the cell voltage and vice versa.

The shifts and changes in the height of peaks on IC and DV plots can be attributed

to LLI and LAM [29]. These methods require a pOCV measurement at the beginning

of life and at the current state to assess the baseline and extent of degradation.

While IC and DV methods can be useful for half-cell analysis to determine the loss

of active material on both the cathode (LAMp) and anode (LAMn), they also have

their drawbacks. pOCV-based methods have difficulty determining conductivity loss,

so they are commonly excluded from analysis as it is not the most dominant DM

[29]. pOCV measurements are also usually conducted at currents of less than 1/20C,

which is often impractical in real-world applications [29, 30]. Implementations of DV

and IC for DM analysis can be found in the following papers [31, 32, 33].

Another testing method used to assess internal battery dynamics is Electro-

chemical Impedance Spectroscopy (EIS). EIS is a technique used to assess battery

impedance by imposing an AC potential over a range of frequencies. EIS readings

are traditionally used to fit the components of an equivalent circuit model (ECM) for

battery simulation, control, and monitoring [34]. Adaptations of the Randles Circuit

Model are used to model Li-ion cells and contain resistor components labelled, Rbulk,

Rsei, Rct, and RWarburg (Rw) [20]. These resistors are named based on their respec-
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tive role in the cell, Rbulk associates electrolyte, separator, and electrolyte resistance,

Rsei refers to resistance in the solid electrolyte interphase layer, Rct refers to charge

transfer resistance, and Rw is attributed to the diffusion resistance in the electrodes

[20]. Pastor-Fernandez et al. (2016) propose that the ECM resistance parameters

Rbulk, Rsei + Rct, and Rw have the strongest correlations with degradation modes

CL, LLI, and LAM respectively [28]. Pastor-Fernandez et al. (2017) validate this

method with proven IC and DV analysis [35]. Pastor-Fernandez highlight the lim-

itations of ECM-based DM quantification as the ECM parameters may represent a

combination of DMs when this method only attributes the ECM parameters with

the most pertinent DM. Sun et al. furthered this method by investigating the effects

of SOC, current, and other ECM architectures on DM quantification using EIS [36].

It was discovered that measurements taken at low SOCs can result in DM overesti-

mation with the exception of CL. EIS has advantages in the speed of measurement,

but EIS equipment is expensive and is traditionally only used in a laboratory setting.

ECM-based DM quantification also experiences disadvantages in its accuracy, as the

model parameters may represent a combination of DMs.

Another method that can quantify battery internal resistance is Hybrid Pulse

Power Characterization (HPPC). HPPC testing injects high current pulses at various

SOCs and assesses the instantaneous voltage jump/drop. Duru et al. use HPCC

testing to identify ECM parameters, leading to battery simulation voltage accuracy

within 0.5% of experimental results [34].

Both of the aforementioned DM identification techniques rely on time-intensive

modelling or post-processing for the computation of DMs. Currently, this space is

being advanced and made more practical with the use of data-driven models. There

are numerous articles in the literature regarding SOH prediction for LIBs using various

model inputs. Zhang et al. use impedance data from EIS measurements as an input to

predict battery SOH and remaining useful life through a Gaussian Process Regression

[4]. Field-accessible data inputs such as current and voltage are favoured due to their

ability to integrate with battery management systems (BMS). Shu et al. conducted

a review of the SOH prediction models and highlighted the many different input

features that can be used [37]. Lin et al. use the constant current charging time

as an input feature to predict capacity using a random forest regression, and they

achieve R2 values upwards of 0.95 [38]. Ruan et al. implement a convolutional neural

network equipped with change in the capacity as a function of voltage as input and
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DMs identified through IC analysis as the output [39]. This is a great improvement

to the IC method with DM quantification in under a second. Xu et al. use ensemble

learning to identify pOCV-accessible degradation modes LAMp, LAMn, and LLI

[30]. This model uses the current equivalent cycle number as the model input along

with various operating conditions such as peak discharge current, minimum discharge

current, peak voltage, minimum voltage, temperature, charge/discharge current, and

cut-off voltage. These data-driven methods of recognizing DMs can be applied using

BMS-accessible data with significant pre-processing, and/or prolonged charge and

discharge cycles. Li et al. implement this by using field-accessible measured current

and voltage data from both high and low dynamic cycling profiles as input to a cuckoo

search algorithm to predict DMs quantified through IC analysis [40]. Similar to the

HPPC testing method, highly dynamic cycling profiles provide resistance information

through voltage drop/jump. This is a large improvement to current DM quantification

methods as this has a low barrier of entry to be applied in real-world systems. A

typical BMS monitors the voltage and current at both the pack and cell level to

ensure cell charges are balanced [41].

To address some of the previously discussed areas for improvement in DM anal-

ysis, we propose a method for DM quantification using data-driven modelling, field-

accessible input data, and minimal data processing. Field-accessible data refers to

data that may be readily available during normal system operation. This paper pro-

vides consideration of the practicality of machine learning methods for battery health

assessment by using easily accessible data from a typical BMS. The effect of the input

features on the model performance is also investigated in an effort to provide model

explainability. The progression of DMs, (CL, LLI, and LAM), in high-power NCA

cells is discussed along with the effect depth of discharge (DOD) and C-rate have on

these modes. The primary contributions of this paper are summarized as follows:

1. Investigated the effect of depth of discharge and C-rate on the degradation mode

progression on Molicel batteries over a year-long testing period with intermittent

EIS testing, resulting in approximately 2000 equivalent full cycles per cell.

2. Multiple easily implemented machine learning methods are compared in their

ability to predict degradation mode pathways using field-accessible voltage and

current data.
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3. Input feature importance is explored through the use of Shapley values to pro-

vide insights into constant current and constant voltage charging times impact

across target DMs.

The remainder of the paper is divided into four sections that include, methodology,

results, discussion, and conclusions. Section 2 describes the methodology including

experimental setup, data acquisition, model framework, data processing, and model

selection. Section 3 covers the DM increase over the testing period for each cell,

tabulates and plots our DM prediction results, and provides insight into the model

decision-making through Shapley values. Section 4 discusses the significance of the

observed results along with the potential for future work and model improvements.

Finally, section 5 summarizes the results and findings.

2.3 Materials and Methods

2.3.1 Data Acquisition

The data used in this study was obtained from the Pacific Regional Institute for

Marine Energy Discovery Battery Lab. Battery specifications are given in Table 2.1

[42].

Table 2.1: Cell type and manufacturer specifications.

Name Chemistry Size Nominal
Capacity

Nominal
Voltage

Lower
Cut-off
Voltage

Upper
Cut-off
Voltage

Molicel
P42A

NCA 21700 4200 mAh 3.6V 2.5V 4.2V

The cells in this experiment were cycled in a Thermotron S-8-8200 environmental

chamber using an Arbin LBT 5V-60A, 16-channel, battery testing unit. The Arbin

LBT measures voltage, current, time, capacity, energy, resistance, and temperature.

The cell testing was broken into two main periods: degradation and characterization

cycling. The majority of the testing period consisted of degradation cycling wherein

the cells were repeatedly cycled at various DOD from 100-X%, and constant C-rates

at an elevated temperature of 35°C. Characterization cycles took place every two

weeks to determine the current health status of the battery. This involved ensuring
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an ambient temperature of 23 °C, conducting charge and discharge cycles at 0.33C,

and EIS impedance measurements. Characterization charging cycles consisted of two

sequential phases, constant current (CC), and constant voltage (CV) charging. CC

charging was performed at 0.33C (1.32A) between 2.5 and 4.2V; once the cell reached

4.2V, CV charging began and the current was tapered until it reached 0.04A at

termination. The EIS measurements were conducted using a Gamry Interface 1010E

potentiostat over a frequency range of 1 Hz to 100 kHz. EIS operates by delivering an

AC potential at a number of different frequencies and measuring the phase difference

of the battery’s current response [20]. This experiment continued for either 1 calendar

year or until the cell reached 70% SOH and was retired. The independent variables in

this experiment were DOD and discharge C-rate while the charging current remained

constant at 1C between tests; Table 2.2 shows the breakdown of each cell’s assignment.

Table 2.2: Testing conditions for each cell.

Cell Number Depth of Discharge (%) Discharge C-rate (C)

Cell 1 40 4
Cell 2 80 1
Cell 3 80 2
Cell 4 40 1
Cell 9 80 2
Cell 10 40 4
Cell 11 80 4
Cell 12 40 2
Cell 13 80 1
Cell 14 40 1
Cell 15 40 2
Cell 16 80 4

This data was selected due to the variety in discharge depth and discharge C-rate,

which should ultimately lead to differing degradation pathways. It is of interest to

analyze the resulting capacity fade and degradation mode propagation under these

different conditions. Repeated cycling conditions allow for analysis of cell to cell DM

variability. Characterization cycles occurred every two weeks throughout cycling,

resulting in approximately 180 unique EIS measurements over varying battery states

of health.
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2.3.2 Model Framework

Having collected all of the relevant data from the Arbin LBT and Gamry EIS units a

model framework is proposed. The framework can be divided into sections as shown

in Figure 2.2 including data acquisition, data processing, training, and validation.

Figure 2.2: Graphic of the battery degradation mode quantification framework.

2.3.3 Data Processing

Input Data

To effectively predict DMs using machine learning, a set of input features that corre-

late with the battery’s internal dynamics was selected. Extracting time-based features

from constant current and voltage charging profiles can provide insights into the ca-

pacity and power fade. Feature extraction is crucial in machine learning with smaller

datasets as large complex time series inputs can be difficult to decipher with few true

output observations. In this case, domain knowledge is used to distill long charging

curves into lower-resolution time features. Three time-based health features were

extracted from the CC and CV charging profiles to act as model inputs:

1. The constant current charging time (CCCT), defined as the time to charge at

CC between 3.8 and 4.19 V;

2. The constant voltage charging time (CVCT), the time to charge at CV until I

< 0.04 A;

3. The sum of features 1 and 2.

The CCCT is as an effective feature for SOH prediction that enables distinguishing

DMs associated with capacity fade [38, 43, 44]. The CCCT decreases as the cell’s

capacitance decreases, and resistance increases. As outlined by Bhatt et al. this
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corresponds with the voltage drop across the SEI layer, and available lithium in

the cathode [43]. The second feature, CVCT, is a weak indicator of battery SOH.

However, its relation with the insertion of lithium-ions in the anode may be useful

for identifying an increased resistance. A prolonged CVCT may be an indication

of difficulty accepting charge, as the current is tapered based on the cell voltage’s

proximity to the charging voltage. The third feature sums CCCT and CVCT serving

as an indicator of the total charging time (TCT). While the capacity of the cells

decreases with degradation the TCT tends to increase as more time is spent tapering

current in the CV phase. This was found to help make DM predictions as it aids in

relating the changing CC and CV phases. Incremental capacity analysis uses changes

in peak capacity rates of increase with respect to voltage as an indicator of DM

propagation. Changes in the charging times in the CC and CV phase are a result of

these peaks shrinking and should show strong DM correlations. This effect can be

observed in Figure 2.3 depicting the CC and CV charging modes throughout cell 16’s

life.

(a) Constant Current profile. (b) Constant Voltage profile.

Figure 2.3: CC and CV charging profiles for each characterization cycle of cell 16’s
lifetime, labelled by equivalent full cycle number in the legend.

Output Data

The collected EIS data was used to fit the parameters of an equivalent circuit model

(ECM) representation of the cells. Firstly, the EIS data was filtered to ensure all

measurements were conducted at approximately 23 °C. Characterization cycles that

did not occur at 23 °C were excluded from the dataset, as ambient temperature

has a strong relationship with cell resistance. This occurred due to an issue with

syncing each cell’s characterization test and resulted in data from cycles between
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approximately 250 and 1250 being removed for some cells. The EIS data is fitted to

the ECM using the non-linear least squares method integrated into the impedance.py

Python package [45]. Using an iterative approach various ECMs were tested and

evaluated based on the root mean squared error between the fit and actual data.

Common ECMs used for Li-ion battery modelling were tested, such as the Randles

and CPE Randles circuits, along with customized versions of these circuits. The best

fit was found to be a modified Randles circuit shown in Figure 2.4, and the resulting

values were assessed visually and cross-referenced with existing literature [28, 46].

Further information on ECM fitting can be found in Appendix A.

Figure 2.4: Modified Randles equivalent circuit model.

The ECM parameters are then used to assess the degradation mode pathways over

the cell’s lifetime. As identified by Pastor and Fernandez changes in Rbulk correspond

with CL, Rsei and Rct are primarily determined by the LLI, and Zw changes with

the LAM [28]. The Warburg impedance Zw is a complex value that is expressed as

Rw+ ib. The Warburg resistance Rw represents the diffusion resistance in the battery.

The model is set to predict ECM resistance values for Rbulk, Rw, Rsei and Rct as DM

indicators.

The impedance increase for each degradation mode is computed between the first

and last characterization cycle of the experimental period. The impedance percentage

increases over cycle life across high to low-frequency processes allows for comparison

of internal degradation between different cycling conditions. This is conducted using

Equations 1-3 [28, 47].

CL% =
Rbulki −Rbulk0

Rbulk0
(2.1)
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LLI% =
(Rseii +Rcti)− (Rsei0 +Rct0)

Rsei0 +Rct0
(2.2)

LAM% =
Rwi −Rw0

Rw0

(2.3)

A Pearson correlation matrix displays the linear correlations between the outlined

input features (CCCT, CVCT, TCT) and model outputs (Rbulk, Rsei + Rct, Rw).

As shown by Figure 2.5 there are strong correlations between the input and output

datasets, confirming that the selected features are appropriate.

Figure 2.5: Pearson correlation matrix for input and output features.

2.3.4 Model Selection

Multiple data-driven models were evaluated based on the performance metrics mean

absolute error (MAE) and R-squared. The models tested included: Linear Regres-

sion, Random Forest, Gradient Boost, K-nearest neighbours (KNN), and an Artificial

Neural Network (ANN). The Linear Regression, Random Forest, Gradient Boost,

and KNN methods were drawn from the sci-kit learn supervised learning package

[48]. These models were fit using the multi-output regressor and tested using k-fold
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validation. Multi-output regressors imply that the model outputs multiple variables

instead of a single result. Native multi-output regressors such as Random Forest,

and KNN, learn and predict all outputs simultaneously. Models such as Linear Re-

gression, and Gradient Boost run multiple separate regressors in parallel. The sci-kit

learn regression models require minimal hyper-parameter tuning, however, some key

parameters were adjusted. The number of neighbours for the KNN algorithm was

set to 6, and the maximum tree depth was set to 5 for the random forest through

iterative tuning. The ANN is constructed using the Keras Python library and was the

only deep-learning model evaluated. This network used 3 inputs to predict 3 outputs

and used one dense hidden layer with 64 units.

These models were selected based on their ease of implementation, computation

time, ability to work with smaller datasets, and diversity in the optimization ap-

proach. Data-driven modelling approaches can suffer from over and under-fitting

when dealing with relatively small datasets, so combating this issue was the main

consideration in model selection. Overall model performance was monitored using

held-out test data. This helped prevent unnecessary complexity and avoid overfitting

to the training data, so that model predictions maintained generalizability. The data

was scaled between zero and one due to the differing magnitudes between features

to reduce bias in the training process. Under-fitting occurs when the model is overly

simplified and cannot learn the trends and intricacies of the training data. To com-

bat this, models with varying optimization processes were chosen to determine which

would best fit this specific task.

The Linear regression model acts as a baseline for this analysis, as it simply fits a

linear function to the data, which typically underfits complex data [49]. The random

forest and gradient boosting models are methods of ensemble learning using decision

trees that average results across multiple trees to prevent overfitting. The KNN

is chosen as it performs well with low-dimensional data and operates by recognizing

simple patterns between localized information. Lastly, an ANN is tested to determine

if a more complex network is required to discern a relationship between model inputs

and outputs.
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2.4 Results

The results of this study focus on understanding why the prominent DMs are chang-

ing as the cell ages, the ability to predict this trajectory, and visualizing how these

predictions are made. We start by looking at the percentage increase of each DM in

the cells to discuss their correlations between DOD and C-rate. Next, the prediction

accuracy of the selected machine-learning models are compared, and the results of

the elected model are plotted. Finally, the weighting of each input feature on the DM

prediction is determined using Shapley values to add model explainability.

2.4.1 Data Analysis

The results of the degradation mode analysis using equations 1-3 show that even

under the same cycling conditions degradation modes may propagate differently from

cell to cell. This is depicted in Figure 2.6 by cells 4 and 14, 1 and 10, and 11 and

16. The data also shows that increasing the depth of discharge has a much greater

effect on cell degradation than the discharge C-rate. This can be partially attributed

to Molicels being designed to discharge at C-rates of up to 10C [42] and therefore

may see more exaggerated degradation closer to the limit. The increased depth of

discharge yields approximately double the capacity loss over the same number of

equivalent full cycles, however, the DMs do not necessarily follow the same scaling.

This demonstrates a need for a model that can provide rapid DM predictions using

accessible data over a range of degradation states.

It is interesting to note that the relative DM propagation of CL in the 40% DOD

cells is much higher than in the 80% DOD cells. This can be attributed to the fact that

LAM is primarily affected by SOC, while CL is affected by high current rates [36, 17].

LLI and LAM being observed as the dominant DMs concurs with previous studies

[36]. Whether LLI or LAM is more dominant appears to be somewhat random in the

40% DOD cells, as opposed to the 80% DOD cells. In the 80% DOD cells, both of the

4C discharge rate cells manifest LAM as the most dominant DM. LAM also tended to

propagate later in cycle-life as depicted in Figure 2.10. This may indicate that while

these pairs of cells appear to be at a similar ’state of health’, those with higher LAM

would be negatively affected in the future. The knee point phenomenon is defined as

a rapid increase in the capacity loss rate due to a build-up of degradation mechanisms

within the cell. This is primarily brought on by SEI damage, Lithium-plating, and
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loss of active materials, making degradation modes a promising knee-point indicator

[50]. Revealing deeper insights into battery SOH with DMs may help with sorting

batteries at the end of life, but also will help ensure safe operation during a more

volatile period of life. Comparing cells 16 and 1, while 16 has experienced double the

capacity loss it also has experienced over 20 times the impedance increase for LAM

and over 10 times for LLI. This suggests that this cell will likely experience failure

and should be monitored closely regardless of the SOH reading. A difference like this

is drastic and could be as simple as the result of the battery owner’s charging habits.

(a) Cells cycled at 40% DOD. (b) Cells cycled at 80% DOD.

Figure 2.6: The percentage impedance change for each degradation mode and state
of health loss between the first and last recorded characterization cycle. Subplots for
different DOD of degradation cycles.

2.4.2 Model Evaluation

Several data-driven models were compared to see which would yield the best result

against scoring metrics R2 and MAE. The R2 is a strong, scale-agnostic method of

assessing the performance of regression tasks. The R2 value denotes the percentage

of variance in the data captured by the model. This suits our task as we explore

the variance in degradation modes through cycle life. MAE is also calculated as a

supplementary metric for comparing prediction accuracy between the tested models.

These performance metrics are defined as [51]:

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2
(2.4)
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MAE =

∑n
i=1(ŷi − yi)

n
(2.5)

n = Number of data points

yi = Observed values

ŷi = Predicted values

ȳ = Mean of the observed values

The model is tested by leaving 3 cells (25%) out of training at a time and repeating

the training process 4-times for various cell groupings, known as k-fold cross-validation

[52]. The groupings are referred to as batches from 1-4 respectively that include

cells (1,3,16), (2,4,10), (9,11,14), and (12,13,15). This procedure allows for model

evaluation across the whole dataset. The performance metrics are averaged across

each test batch for each DM and are compiled in Table 2.3 to reveal the model best

suited for this task.

Table 2.3: Comparing testing accuracy from different machine learning models based
on performance metrics R2 and MAE.

Model MAE
CL

MAE
LLI

MAE
LAM

R2 CL R2 LLI R2

LAM

Linear Regression 0.043 0.038 0.055 0.94 0.96 0.76
Gradient Boost 0.041 0.031 0.037 0.94 0.97 0.85
K-Nearest Neighbours 0.041 0.031 0.035 0.95 0.97 0.88
Random Forest 0.039 0.030 0.034 0.95 0.97 0.89
ANN 0.042 0.031 0.037 0.94 0.97 0.87

Table 2.3 shows that the Random Forest yields the strongest test results for this

task. Gradient Boost and Random Forest are examples of ensemble learning meth-

ods which aggregate predictions over multiple models. This helps reduce overfitting

and increase generalization making these models suitable for seeing new degradation

pathways moving forward [49]. Random Forest reduces error across all outputs simul-

taneously during training making it a strong multi-output regression model. While

this model performs best over all of the DMs, it is important to note that all the

tested models performed well including the linear regression. As highlighted previ-

ously with the Pearson correlation matrix this shows a strong linear trend between
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the input and output features.

In an effort to improve our results, we can investigate further feature engineering.

The chosen features are selected by segmenting our charging periods to reveal more

detailed changes in charging dynamics. We decided to divide these phases into 4

segments, splitting the constant current charging curve into intervals:

T3.8−4.19V = t3.8−3.91V + t3.91−4.01V + t4.01−4.12V + t4.12−4.19V

The constant voltage charging period is also segmented into 4 regions from 1.4 to

0.04 Amps:

T1.4−0.04A = t1.4−0.35A + t0.35−0.14A + t0.14−0.07A + t0.07−0.04A

These regions are selected as they are equal time segments at the beginning of

life, representing 25% of the charging time in this period. We utilize Shapley values

to investigate the effect of these added features.

2.4.3 Shapley Analysis

One of the largest downsides to data-driven modelling is its black-box nature. To

address this limitation, Shapley values are computed to better understand the model’s

decision-making, and weighting of certain features. Shapley values have the potential

to optimize machine-learning algorithms and data collection in the battery space by

advising on what data is useful. This can be especially useful for paring down features

which opens up models that struggle with high dimensionality.

Shapley values were developed in the field of game theory for measuring the value

of each player in a game and assessing their expected payout based on the player’s

contribution [53]. In machine learning, this method is applied to assess the impact

of each model input feature. In this experiment, Shapley values are calculated by

evaluating the model performance for each permutation of input features, and then

determining how each feature impacted the results using Equation 2.6 [54].

ϕi(fj) =
∑

X⊆N\i

|X|!(|N | − |X| − 1)!

|N |!
[f(X ∪ i)− f(X)] (2.6)

ϕ = Shapley Value
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i = Input Feature Number

j = Output Variable Number

f = Model

N = Represents all features

X = Subset of N

This process can be computationally expensive for machine learning models. The

Tree Explainer feature of the SHAP Python package was used to conduct this analysis

and visualize the results of the RF model [55]. The Tree Explainer leverages the

structure of the tree models by following branches from the root to the leaf node

determining the influence of each feature along the path. Lundberg et al. provide a

detailed algorithm for this process [55].

SHAP values are commonly visualized using a Beeswarm plot as shown in Figure

2.7a. The Beeswarm plot displays the calculated SHAP value for every training data

sample over each feature. The points are plotted along the x-axis based on their

impact on the model output; those on the right and left contribute by either raising

or lowering the prediction respectively. The vertical spread in the y-axis represents

SHAP values where multiple input feature values fall. The points are colour-coded

based on the sample’s numerical value allowing for inference on which period of the

battery’s lifetime is most influential for certain predictions. This process is conducted

for the multi-output regressor and the results are displayed in Figure 2.7. We can see

a general trend that higher values of CVCT and TCT are impactful on larger DM

predictions, while the opposite is true for the CCCT. This aligns with the Pearson

correlations as CVCT and TCT grow as degradation ensues. The bar plot in Figure

2.7b shows the average absolute SHAP value for each of the input features. This

indicates that when predicting all three DMs together, the latter portion of the CC

curve and the beginning of the CV curve are most important. The non-overlapped

Beeswarm plot for each DM can be found in Appendix A.
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(a)

(b)

Figure 2.7: (a) Beeswarm plot of each input feature impact on the model output
based on the magnitude of the feature value. (b) Average absolute magnitude of
SHAP values for each input feature.

The bar graph in Figure 2.8 illustrates the impact of each input feature by showing

the magnitude of the average impact on the model performance. The bar graph is

a great method for visualizing the input’s relative impact on each output feature.

Figures 2.8a, b, and c represent the mean absolute SHAP value for each input feature

on the respective DMs CL, LLI, and LAM. These were plotted using single-output

trained models to determine any discrepancies in behaviour when trained as a multi-

output model.

Figure 2.8a illustrates that the latter portion of the constant voltage charging

curve is the most influential feature on the conductivity loss predictions. A prolonged

CV tail indicates difficulty reaching the target SOC. This could be due to poor ion

transfer at lower currents as a result of conductivity loss.

In Figure 2.8b we can see that the total charging time and the initial portion of

the constant voltage curve are most important. This shows that using times from

both the CC and CV curves is a good indicator of capacity loss and SEI growth when

the full CC region is not accessible.

Similarly to LLI, in Figure 2.8c we see that the early stages of the CV curve and

TCT are most important, however, in this case there is a greater emphasis on the
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TCT. It is also worth noting that the end portion of the CV curve was essentially

obsolete to the LAM prediction model.

(a)

(b)

(c)

Figure 2.8: Bar graph of the mean SHAP value over all data representing each input
feature’s impacts on each degradation mode. (a) Conductivity loss. (b) Loss of
lithium inventory. (c) Loss of active material.

Based on the evaluated Shapley values we pare down this larger feature set to

the top three inputs. The feature set is reduced to not overcomplex the model with

high-dimensional data, and have a fair comparison to the original feature set. Fea-

ture set refinement also eliminates potentially redundant, or unimportant features.

We compare the results of different feature sets using their R2 and MAE values av-

eraged across each test batch. Feature set 1 includes the CCCT (3.8-4.19V), CVCT
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(1.4-0.04A), and the TCT. Feature set 2 is refined by Figure 2.7, and composed of

the constant current charging times between, t4.01−4.12V , t4.12−4.19V , and the constant

voltage charging time between t1.4−0.35A. The third feature set takes the top three fea-

tures from the single output models shown in Figure 2.8. These features are applied

to separate random forest models that predict an individual DM. The CL feature set

contains the CVCT between t0.14−0.07A, t0.07−0.04A, and the CCCT between t3.8−3.91V .

The LLI feature set contains the TCT, CVCT between t1.4−0.35A, and the CCCT

between t4.12−4.19V . The LAM feature set is identical to that of the LLI set. The

heat map below in Figure 2.9 highlights the impact of each feature set on the model

performance:

(a) R2 (b) MAE

Figure 2.9: The performance of the random forest model given each of the outlined
input feature sets.

The model was successfully improved using the refined feature sets. The multi-

output Random Forest model using feature set 2 produced R2 values of 0.95, 0.98,

and 0.91 across DMs CL, LLI, and LAM respectively. This shows model improvement

when feature refinement using Shapley values is employed. The model performance

shows negligible deviation from Feature sets 2 to 3 for LLI and LAM predictions,

however, it shows improvement for the CL target. This shows the importance of the

elongated tail of the CV region for assessing CL and power fade.

The test results are visualized by plotting the predicted resistance values most

correlated with each degradation mode, as shown in Figure 2.10a, while Figure 2.10b

displays the de-normalized results of each test batch. The most significant errors

appear to be under predictions at the upper boundary of the dataset. Tree-based

models such as random forests have difficulty extrapolating beyond the feature space
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due to the nature of its training regime [56, 57]. This is apparent in the final pre-

dictions of cell 16 in batch 1 as low-frequency impedance was rising rapidly, further

sampling in this region may help remedy this issue. The linear regression model is

better at extrapolating but is outperformed by the random forest overall. A decision

tree visualization from the random forest training process can be found in Appendix

A.

(a) (b)

Figure 2.10: (a) Degradation mode prediction with respect to characterization cycle
number for cell 3. (b) All test results across batches 1-4 are plotted against the actual
values.

2.5 Discussion

2.5.1 Results Analysis

This study has investigated the use of field-accessible experimental data to determine

degradation modes in Lithium-ion batteries through the prediction of ECM resistance

parameters. It was concluded that using a multi-output random forest regression

algorithm could accurately quantify DMs, achieving R2 values of 0.95, 0.98, and

0.91 when predicting CL, LLI, and LAM respectively. This method aligns with the
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performance of existing SOH prediction models in the battery space as the results

for CL, LLI, and LAM yield R2 values upwards of 0.90 [4, 38, 58]. The R2 value

indicates that the model was able to capture over 90% of the DM variance over the

cell’s cycle life. The accuracy of the individual DM prediction may be improved by

further tailoring separate models to each output feature, however, the goal of this

project is to quantify pertinent degradation modes quickly with low computational

cost.

2.5.2 Model Implementation and Significance

Optimization-based methods are commonly used for ECM parameterization and can

achieve more accurate results by fitting the ECM to match battery operation. How-

ever, this process must be repeated at different stages of degradation, resulting in

a computational challenge and making it difficult to implement online. Our method

allows for quick predictions of degradation-affected ECM parameters by running real-

time BMS data through a machine learning (ML) model trained over various degra-

dation pathways. Full ECM parameterization can be applied for further battery

modelling, which may be better suited to search algorithm-based methods. Using

an ML algorithm to quickly propose strong initial values for crucial DM-correlated

parameters could improve the optimization process at new states.

These DM estimates provide the model user with a deeper understanding of the

battery’s state of health to make informed decisions on battery safety, optimal con-

trol, and performance moving forward. Abnormal DM propagation may serve as an

indicator of impending battery failure. This method could have significant appli-

cations in the real world by pulling the most basic BMS data of voltage, current,

and time, to track DM trajectories. While this experiment had the characterization

charging periods take place at 0.3C, it can be assumed that at higher charging rates

the same effect on the CC and CV time periods is observed so long as each recorded

charge is at the same temperature/C-rate. This is shown with the Oxford dataset

as their characterization charging cycles were run at 1C and exhibited the same be-

haviour as the cell aged [38]. With typical charge rates for electric vehicles being

around 0.5C, this method should be more applicable than comparative OCV-based

approaches [59]. Using the charging times over different charging segments allows us

to discern degradation modes using lower-resolution, and higher C-rate data. Instead

of analyzing the incremental capacity changes, the charging times capture the effect
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these changes have on cell charging behaviour. To add input feature accessibility

the constant current period is set between 3.8 and 4.2 volts to account for the fact

that batteries are not commonly fully discharged. The CV period is also considered

readily accessible as electric vehicles typically undergo CC-CV charging [60, 61]. The

CV or a similar current tapering period is required to ensure a smooth approach to

the target SOC to assure no over-voltages and minimize aging.

2.5.3 Future Work

Future work on this study includes exploring methods of increasing the amount and

diversity of the degradation pathways. This would include cycling at higher C-rates,

a broader range of DODs, altering the degradation cycle temperature, and reaching

lower SOHs. Previous studies have integrated the use of synthetic data to create

many different aging pathways, along with ensuring there is a large amount of data

[39]. A larger dataset would allow for deeper neural networks, higher dimensional

data, and more complex time-series analysis to be explored which can result in higher

model accuracy.

It is also recommended that this method is tested on another battery chemistry

to monitor degradation mode development. This is suggested as Li-ion batteries of

differing cathode chemistry are designed and optimized for different use cases re-

sulting in varying levels of cell resistance [62]. Implementing this method on other

LIB chemistries may require changes to voltage ranges and current limits. Future

work may explore the comparison of the direct model application to other battery

chemistries, against a fine-tuned or independently trained model. With these adjust-

ments, this method could be trialled by coupling with live BMS data to track DMs

in real-time.
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Chapter 3

Data-driven Classification of

Lithium-ion Batteries for

Second-life Applications

This chapter is based on a manuscript that will be submitted to an undecided Journal

with the same title as this chapter, authored by L. Murphy and Dr. C. Crawford. The

author L. Murphy was responsible for the methodology, data processing, modelling,

analysis, pilot study, and manuscript writing. Author Dr. C. Crawford was respon-

sible for supervision throughout this project along with reviewing, idea generation,

and editing the manuscript.

3.1 Abstract

As degraded lithium-ion batteries proliferate from aging electric vehicles, we must

develop methods of forecasting battery lifetime to increase profitability and safety in

second-life applications. However, electric vehicle batteries are subjected to variable

and generally unknown operating conditions that yield different degradation mecha-

nisms, affecting their future health trajectory. We propose a data-driven method of

classifying retired Lithium-ion batteries to determine whether they should be reused

or recycled. This method only takes a few minutes of testing requiring one electro-

chemical impedance spectroscopy measurement. The model was tested across five

different use cases where the classification boundary was adjusted accordingly, result-

ing in an average accuracy of 92%. The model was also trained and tested against
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another independent dataset, achieving 90% accuracy. This method shows promise

as a tool for lithium-ion battery repurposing companies to identify batteries that will

likely exhibit rapid capacity degradation if repurposed to avoid expending resources

on full battery re-certification.

3.2 Introduction

3.2.1 Climate and Context

Climate policies are pushing away from fossil fuels into a clean energy transition,

leading to the rapid growth of the energy storage market. Canada is committed to

achieving 100% zero-emission light-duty vehicle sales by 2035, that are almost exclu-

sively powered by Lithium-ion batteries (LIBs) [5]. One of the greatest concerns with

LIBs is their capacity degradation. While this is influenced by battery usage, most

EV batteries will have insufficient range for the consumer at around 70-80% of their

original capacity [63]. This means that over the next 20 years, the number of retired

EV batteries will increase exponentially at 25% annually [64]. With recycling costs

being prohibitively high and total life cycle emissions implications there is pressure

on battery manufacturers and consumers to find ways to prolong battery life.

3.2.2 Second-life batteries

An opportunity for a new market is rising that reuses retired full batteries for less

rigorous applications before sending them for recycling. These battery packs can

be stacked in parallel to create high-capacity energy storage systems. This method

of maximizing battery potential offers profit incentives for battery repurposing com-

panies such as Moment Energy and B2U [65, 66]. Depending on the use case and

condition, second-life batteries (SLB) may last an additional 5 to 30 years before

reaching end-of-life (EOL) defined as 40% state of health (SOH) [67]. Montes et al.

found SLBs to be profitable in an energy arbitrage application, however, there are

challenges [68]. As LIBs enter later stages of life, their degradation becomes less pre-

dictable. When cycled beyond the “knee point”, the rate of capacity fade accelerates

significantly [15, 69]. This phenomenon is brought on by the propagation of inter-

nal degradation mechanisms that inhibit charge transfer and intercalation of Lithium

ions [70][71]. Over time, this can cause heterogeneity between cells within the same
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battery pack [72].

Many retired EV batteries with similar driving range will have been subjected to

different driving schedules, charging routines, and climates. These factors all have a

significant influence on the degradation mechanisms that develop within the battery

[2]. The variance in degradation can cause economic and lifetime uncertainty. This

shows that a method of determining whether a pack is viable for a second life beyond

simply measuring its capacity is required. Martinez et al. conducted a study to de-

termine the impact of different first-life cycling conditions on second-life degradation

[73]. It was found that battery degradation did not slow down once put in second-life

applications, and only cells that have not yet exhibited a knee point were considered

worthy of re-use. Ideally, battery packs are assessed on the cell level and refurbished

to create a homogenous battery. Lee et al. developed a framework to reconfigure

battery packs for second life to reduce cell-to-cell variation [74]. They propose an

initial screening of battery capacity to eliminate outliers, followed by a secondary

screening measuring open circuit voltage, ohmic resistance, diffusion resistance, and

diffusion capacitance, to group the remaining cells homogeneously. However, as out-

lined by Montes et Al. the cost of disassembling packs to the module and cell level

costs over 5 and 7 times more than leaving the pack assembled respectively [68]. It is

concluded that to appropriately categorize whether a retired battery should be reused

or recycled we must be able to correlate its current health with its future degradation

path.

3.2.3 Modelling

Articles in the literature use various methods of modelling degradation to gain in-

sights into LIB remaining useful life. These models vary from empirical linear and

exponential models [72][68], to physics-based [75], to data-driven [76, 77]. Data-

driven methods have become increasingly popular in the battery degradation mod-

elling space, due to their speed and flexibility. Data can be drawn from online battery

management systems, or measurements can be performed offline, such as electrochem-

ical impedance spectroscopy (EIS) [4], high-powered pulse characterization (HPPC)

[78], and charging/discharging cycles [79]. With battery degradation varying greatly

based on chemistry, temperature, and use case, machine learning has an advantage

over numerical models due to its speed in parameterization.
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The main challenge of using machine learning in this application revolves around

the accessibility to data. Cycle testing is time intensive, especially to reach lower

capacities resulting in seldom publicly available SLB datasets. There are a small

number of tested cells for those that do exist. This can be troublesome for data-

driven modelling tasks, as dataset diversity and quantity are imperative for model

training. Dubarry et al [80] look to solve this issue by creating synthetic voltage curves

with a variety of cell chemistries and modes of operation based on a combination of

physical models and experimental data. Transfer learning can also be used to re-train

models on smaller experimental datasets [81].

Another factor to consider when implementing machine learning models is acquir-

ing appropriate data, and extracting key features to achieve good results. Jiang et

al [82] use incremental capacity analysis to determine cell consistency within packs

based on resistance and capacity. Ran et al [83] use a clustering model to group cells

based on capacity, voltage, and resistance using HPPC testing as the model input

achieving an accuracy of 88%. Based on the literature it is clear that input features

that consider internal degradation mechanisms are necessary for deciphering vari-

ability in SLBs [84, 70]. In-operando battery characterization regimes that provide

internal degradation insights may include HPPC, EIS, incremental capacity analysis,

and differential voltage analysis.

The accessibility of the input data is also important when contextualizing a data-

driven model’s practicality. When forecasting battery degradation, the time required

for battery characterization to yield an accurate prediction plays a large role in fea-

sibility. Cueto et al [79] propose a classification and regression data-driven model to

predict the remaining useful life (RUL) of cells that experience a knee point in first

life. This model looks to improve the RUL prediction space by using fewer cycles than

other articles in the literature [76, 85]. Cueto labels the cells based on short, medium,

and long lifetime and classifies them using voltage curve features from the first 3 cy-

cles, resulting in 88% classification accuracy [79]. Haris et al further improve upon

this using only the first cycle to determine the number of cycles to the end of first life

(80% SOH), the cycle and the SOH where knee point occurs. These outputs allow the

model user to connect the dots and plot an accurate degradation curve of two linear

regions prior to and post-knee point. The inputs to this model include the initial

internal resistance, charging time, differential voltage analysis, and average charging

current. Using a CNN, the projected degradation curve had an average MAPE of
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1.76 across the test data [77]. Many of the datasets used in these methods show

knee point onset between 85-95% SOH due to accelerated testing which is not always

representative of battery degradation under real-world operation [86]. Zhang et al

[4] curate a degradation dataset of cycled cells with EIS and capacity measurements

taken every other cycle. Zhang et al created both an SOH and an RUL prediction

model to assess battery health in first life with raw EIS data as the model input,

requiring no cycling. A GPR model is used to highlight uncertainty, and an average

R-squared value of 0.85 is realized across the test cells.

Based on the literature, points of importance are identified for establishing a

framework for SLB assessment. Firstly, it is shown that SLBs exhibit much less

predictable degradation trajectories than batteries in first life [72, 73]. This is in-

fluenced by the battery’s operating conditions in first life as this affects the extent

of internal degradation mechanism development. This shows that SLBs should not

soley be evaluated based on SOH (EV range) or the number of cycles (odometer)

but should instead use a degradation mechanism indicator. Secondly, the literature

suggests that batteries should be grouped or separated based on their condition to

mitigate heterogeneity in degradation [83, 82, 79]. Data-driven modelling has become

a standard in this effort as they can quickly learn patterns from complex battery char-

acterization data. Lastly, it is observed that there is a push to lower the testing and

computational time required to characterize SLB RUL [79, 77, 4]. This includes using

data augmentation and simulation to improve the data acquisition process for model

training.

3.2.4 Proposal

For this project, we implement a method of quickly determining the long-term via-

bility of SLBs to exclude those that will fail quickly. This LIB classification method

is geared towards third-party battery repurposing companies. These companies must

know the lifetime of their product to address safety, warranty, and economic concerns.

The status of a retired EV battery is often unclear due to privacy of BMS data [87].

We propose performing a single EIS measurement to conduct a fast assessment on

the prospective SLB. It should be acknowledged that this method is tested with cell-

level data. EIS can be performed on the pack, module, or cell level by adjusting the

current amplitude depending on the system’s current limits [88]. Cells are connected
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in series and parallel to increase capacity and voltage yielding a higher power system.

Impedance adds directly in series and combines as the reciprocal of the sum in parallel.

As the battery size is scaled up, the impedance should still reflect the battery health

similarly to the cell level. Pack-level EIS also provides information on wiring and

connection-based impedance giving more insights into loss of conductivity [89]. It is

recommended that SLBs be left in their pack form and not disassembled to preserve

the existing BMS and reduce costs for certification [68, 90]. Relevant degradation-

correlated features are then extracted from the EIS measurements through ECM

fitting. Some EIS hardware may have built-in software that can automate this process

when provided with an ECM [88].

Next, this data is inputted into a data-driven binary classification model to de-

termine whether the battery is fit for a second life based on the predicted RUL. The

boundary between these two camps is user-defined, in this application, the model

indicates whether the battery should be re-used or recycled. To achieve better model

accuracy with less data, a variational autoencoder is trained to augment the exper-

imental dataset. For comparison, the current battery SOH will also be tested to

determine second-life viability. The SOH represents the driving range of an electric

vehicle, the goal of this comparison is to show how judging a prospective SLB by its

SOH may be misleading. The measurement speed between these two methods differs

by hours, as an accurate reading of the batterys SOH requires a full charge cycle at

a low C-rate, while EIS measurements take a few minutes. EIS does not require the

battery to be at a specific SOC when measurements are taken allowing predictions

to be made without using a battery cycler.

Figure 3.1: Retired battery sorting procedure.

The contributions of this project are:



36

1. Established a methodology for assessing battery viability for second life without

cycling or past data.

2. Provided a framework for dataset augmentation through synthetic data gener-

ation in a data-scarce field.

3. The proposed method is compared to SOH-based sorting.

4. The model is validated with an independent second-life battery dataset.

3.3 Materials and Methods

This section outlines the datasets and extracted input and output features used for

model training and testing to achieve objective one. We also describe our methodology

for data augmentation to meet our second objective.

3.3.1 Datasets

Our SLB classifier was applied to two different second-life battery datasets, one public

and one private. The publicly accessible Zhang dataset will be primarily discussed

in this article [4]. The Zhang dataset consists of 12 45 mAh Lithium Cobalt Oxide

coin cells. The cells are grouped by environmental temperature during cycling with

8 cells at 25 C, 2 at 35 C, and 2 at 45 C. Each cell is subjected to the same cycling

conditions with EIS measurements taken every other cycle with a current of 5 mA

and frequency range of (0.02-20 kHz).

For this study, we require cells that are cycled under the same conditions and

pass the 80% SOH threshold to showcase the variability of RUL in second life. The

naming convention by Zhang et al. is temperature followed by cell number, these cells

include: 25C01, 25C02, 25C03, 25C05, and 25C06. The NREL data processing code

was used for ease of implementation [91]. The capacity retention curves for these cells

in second life are displayed in Figure 3.2, highlighting the volatility of SLBs.
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Figure 3.2: Capacity retention curves for cells cycled past 80% SOH in the Zhang
dataset [4].

Pilot data is gathered to test EIS for SLB sorting on series and parallel connected

cells. This data is made up of 4 first generation Nissan Leaf modules that consist of

4 cells each connected by 2 in series and 2 in parallel. Each module has an initial

capacity of 66 Ah with a Lithium-Manganese-Oxide (LMO) cathode chemistry. These

batteries were tested using the Pulsenics Pulse Probe 100, with a galvanostatic current

amplitude of 0.5 A in a frequency range of 5-565 Hz [88].

3.3.2 Data Processing

Model inputs and feature extraction

A physics-based equivalent circuit model (ECM) of the batteries is built and parame-

terized using the acquired EIS data. Lithium-ion batteries can be modelled using the

Randles ECM, which may be adapted depending on the battery chemistry. Similar

to the process conducted in Chapter 2 an accurate ECM fit was found for this dataset

through iterative testing with the circuit shown in Figure 3.3. Differing components

include the substitution of constant phase elements for capacitors and the position

of the Warburg impedance element. These changes are a reflection of the differing

battery chemistry and EIS control parameters, which affect the impedance signature.

Further information on the ECM fitting can be found in Appendix A.2.
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Figure 3.3: Optimal equivalent circuit model for LCO cells.

As shown in Figure 3.3 the resistors within the ECM represent different internal

battery processes. Based on the effect they have on the battery ECM resistance

parameters are grouped into the predominant degradation modes, conductivity loss

(Rbulk), loss of lithium inventory (Rsei + Rct), and loss of active material (Rw) [28, 20].

The state of these degradation modes is quantified in the EIS spectra with CL, LLI,

and LAM corresponding to the high, mid, and low-frequency regions [17, 28, 36].

With this information, ECM parameters Rbulk, Rsei, Rct, and Rw are chosen as the

input features as they should be strong predictors of RUL in second life [70].

End of life and remaining useful life definition

As shown above, in Figure 2, second life has been defined as the area between 40 and

80% SOH following the literature [92, 67]. Due to SLB degradation variance, there

are a small number of publicly available SLB datasets where all batteries reach the

same EOL point. This requires an alternative method of quantifying a batterys RUL

to the standard of counting the number of cycles to reach the EOL. In this work,

the slope is computed from any point on the capacity retention curve to the EOL.

Then, the slope is scaled based on the current SOH of the battery to account for

those near EOL. This metric accounts for knee points in the future, current rate of

degradation, and current capacity. This yields an appropriate method of assessing

a battery without considering previous cycling. The equation for this calculation is

provided below.

RUL = (1− SOHi) ∗
SOHn − SOHi

CY Cn − CY Ci

(3.1)

Although this is a scaled degradation rate, for simplicity we will be referring to

this as the RUL. A boundary is defined to classify a battery as reusable for a second

life or immediate recycling with the calculated RUL metric. This can be a safety

factor or break-even point that the model user defines to ensure batteries above a
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certain rate of capacity fade are vetoed. RUL measurements are calculated at each

whole SOH percentage between 60 and 80%. This yielded a dataset that spans the

region of EV batteries that are likely to be retired [93]. This amounted to 20 data

points per cell, and for cells that do not reach 60% SOH, additional samples are taken

to ensure the dataset is balanced.

3.3.3 Model Architecture

Variational Autoencoder

As there are only five cells in the dataset data augmentation is explored. For this

task, a variational autoencoder (VAE) generated synthetic data based on the ex-

perimental dataset while maintaining correlations between input features. This is

a commonly used method in the machine learning field to create artificial data to

augment, and balance smaller datasets [94, 95, 96, 97]. VAEs use a neural network

structure to map the input data to a lower-dimension representation known as the

latent space. The VAE is optimized using the sum of a weighted mean squared error

and Kullback-Leibler (KL) divergence loss function. The mean squared error assesses

the reconstruction of the experimental data, while the KL divergence loss encourages

a Gaussian distribution through the latent distribution mean and standard deviation

[98, 99]. Definitions for these loss functions are found in equations Appendix A.2.2.

After compression, a latent vector is passed through another neural network to be

decompressed and produce a generated sample representative of the input data. We

repeated the sampling process with a specified number of latent vectors from the prior

distribution with the learned latent space. This yielded a synthetic dataset with a

customized number of samples that represent the experimental data. An example of

a generated posterior distribution in relation to the real data is shown in Figure 3.4.

Figure 3.4 also indicates that the data was normalized using Z-score normalization

with a standard deviation of one. This was used to standardize the ECM parameters

and output as some features have different magnitudes.



40

Figure 3.4: Histogram of prior and posterior data distributions overlaid for bulk
resistance.

Figure 3.4 shows that the learned posterior normal distribution mimics the ex-

perimental data well and removes sparsity from the dataset. When implementing

this method, it is important to ensure adequate diversity in the dataset as the VAE

will not extrapolate far outside of the original dataset’s domain. VAE training and

histograms of additional features can be found in Appendix A.2.3.

Important VAE hyper-parameters include the number of input features, the di-

mensions of the latent space, and the number of samples drawn. The input feature

vector includes the ECM parameters, Rbulk, Rsei, Rct, Rw, CPE1, CPE2, and the

RUL. Although the RUL is our output data, it must be augmented with the input

data to maintain its correlation. The RUL is removed from the synthetic data vector

to be used as the labels for the classifier in training. A diagram of the VAE including

important hyperparameters is provided in Figure 3.5.
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Figure 3.5: Schematic of variational autoencoder data augmentation for classifier
training.

Classifier

With the generated synthetic dataset, the binary classification model is trained with

the selected input features: Rbulk, Rsei, Rct, Rw. Binary classification is a common

task in machine learning that is used to categorize elements into one of two classes,

based on the given input features. Binary classification models are often applied to

failure detection problems which aligns with the goals of this project [100]. Classi-

fication algorithms such as Logistic Regression, Naive Bayes, K-Nearest Neighbors,

and Random Forest were tested to determine the best fit for this data.

An added benefit to these algorithms is their ability to quantify uncertainty. The

uncertainty is represented by the model’s probability of choosing one output from the

other [101]. This gives the model user insight into how close the battery is to being

classified in the other grouping.

Once the model is trained it is vital to test on unseen data. For data-driven

models in the battery space, the leave-one-out method of cross-validation is useful

[102]. A chosen test cell was held out from the VAE data augmentation process. The

prediction accuracy is reported by repeating the data generation, model training and

testing process with a different test cell 5 times.

3.4 Results

This section compares different machine-learning model test results for this task to

determine the strongest algorithm. We compare these results to SOH-based sorting
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and ensure our results by repeating the same process with another dataset meeting

objectives three and four. The model prediction uncertainty is analyzed along with

a regression model for direct degradation rate prediction. Finally, we analyze retired

EV module pilot EIS data.

3.4.1 Model Comparison

To label the SLBs as either ready for repurposing or recycling a boundary must be

defined to split these two categories. We outline five scenarios representing real-world

decisions to test the model’s performance sensitivity under different RUL boundaries,

including splitting by user-defined thresholds and quantile splits.

User-defined thresholds reflect that the threshold degradation rate may change

based on the users preferences. For example, SLBs to be used in vehicles may require

a higher tolerance as compared to batteries fit for a backup system. A threshold

could also eliminate batteries that fail a degradation warranty or break-even point.

The user-defined thresholds tested in this analysis include 5% and 10% SOH loss per

100 cycles.

In addition to the user-defined threshold, quantile splits allow the model user to

sort the batteries based on their stock; for example, if a battery is within the top

25% of an inventory. The quantile-split cases tested in this analysis split the data

recycle/reuse with ratios of 50/50, 75/25, and 25/75. Table 3.1 shows each tested

model’s performance accuracy over the discussed use cases.

Table 3.1: Comparing test results from different machine learning models based on
percentage accuracy.

Stock Split % loss in 100 cycles

Model 50/50 75/25 25/75 5% 10%

Logistic Regression 92.3% 98.1% 92.3% 85.6% 92.3%
LR (No VAE) 94.5% 82.4% 92.9% 63.6% 90.8%
K-Nearest Neighbours 94.2% 98.0% 92.3% 89.4% 92.3%
Random Forest 82.7% 86.5% 93.2% 86.5% 87.5%
Naive Bayes 84.6% 99.0% 92.3% 67.3% 87.5%

As outlined in Table 3.1, both the logistic regression and K-Nearest Neighbours

algorithms are well suited to this task with good accuracy and consistency. The
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logistic regression is preferred in this application due to the stronger probability es-

timation capabilities. This algorithm had an average accuracy of 91.8± 4.4% across

the five scenarios. The same cases were tested without the use of the VAE for dataset

augmentation and yielded an average of 84.9 ± 12.8% accuracy. Comparing cases,

the VAE data augmentation adds consistency to the result accuracy. This shows the

benefit of using a VAE, as sampling from the posterior distribution helps to fill in the

gaps in sparse datasets.

3.4.2 Independent Dataset

Our independent dataset was tested by splitting and executing a 90-10 training-

testing split 60 times using k-fold validation. For this scenario, we performed a 50/50

class split and achieved 90% accuracy, which aligns with the results using the Zhang

dataset. In this case, logistic regression was also the strongest model. The results are

displayed using a confusion matrix in Figure 3.6.

Figure 3.6: Confusion matrix visualization of secondary dataset predictions.

3.4.3 Uncertainty

Quantification of the uncertainty in a data-driven model’s prediction adds practicality

and confidence in the SLB classification. The logistic regression model is designed

specifically for binary classification tasks, as it uses a sigmoid function. Logistic

regression divides a dataset by mapping a weighted linear combination of the input

features between 0 and 1. Any value above 0.5 is considered useful for second life, and
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those below are to be recycled [103, 104]. The predicted value is interpreted as the

probability of the prediction, with 1 being 100% probability of being used for second

life. Caution is advised for any predictions that are within the 5-95% probability

range, as these batteries fall close to the class boundary. Figure 3.7 shows the test

results for each cell using the one-in-on-out method on the 25/75 split.

Figure 3.7: Class probability of all test cells in relation to SOH using ECM input
feature for the 25/75 test case.

Based on the probability plot, we can see that the model’s only mistakes are

made at the beginning of Cell 1 and 5’s life. The probability estimates of these cases

showed that these predictions should be further investigated as the model was not

fully confident. Figure 3.7 shows that the model can accurately decipher the rapidly

decaying cells from the healthier cells regardless of their SOH with confidence.

These results were compared to how the model performs using SOH as the input.

Over the five tested scenarios, this method had an accuracy of 72.9%. As expected,

based on the outlined class boundary, the model would draw a line at a certain SOH

value. While the lack of capacity is ultimately the reason the battery is retired from

first life, it cannot be trusted as an indication of the battery’s future health. This is

visualized in Figure 3.8 in a 25/75 split. The results for each of the tested cases can

be found in Appendix A.2.5.
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Figure 3.8: Class probability of all test cells in relation to SOH using SOH as the
input feature for the 25/75 test case.

3.4.4 Regression

We implement a regression model to test the model’s accuracy when forecasting the

rate of capacity fade. In this study, we focused on classifying with a pass/fail strategy,

but we analyzed the results of this regression to gain further insight into the model’s

performance.

Figure 3.9: Results for direct RUL estimation using a KNN regression.
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As shown in Figure 3.9, the K-Nearest Neighbours model struggled to make pre-

cise predictions but did follow the right trend yielding an R-squared value of 0.82. It is

inferred that some accuracy is lost in the synthetic data sampling process. Consider-

ation of this trade-off implies that synthetic data from VAEs may aid in classification

tasks, but larger datasets of real data should be used for regression problems.

3.4.5 Module Test

We have conducted a test using Nissan Leaf modules to address the feasibility of using

EIS for SLB sorting. In the preliminary stages of a recent cycle testing experiment on

SLBs we performed characterization tests using EIS. This pilot study determines if

any modules are not suitable for second-life applications. Upon receiving the modules,

EIS is applied to each one and visualized in the Nyquist plots in Figure 3.10.

Figure 3.10: Nyqusit plot of characterization impedance measurements on Nissan
Leaf modules.

The Nyquist plots suggest that Module 1 has a significantly higher impedance than

the other modules and therefore is not viable for second life. As we are restricted to

cell-level cycling equipment to verify our decision-making we checked the capacity of

each cell. The cell capacities are tabulated in Table 3.2. Cell 12 is missing as one of

the cell terminal tabs was damaged during the module deconstruction.
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Table 3.2: Module data including capacities and voltages.

Module # Module 1 Module 2 Module 3 Module 4

Voltage (V) 7.24 7.43 7.15 7.18
Cell 1 Capacity (Ah) 19.82 23.61 24.31 24.12
Cell 2 Capacity (Ah) 19.75 24.02 24.09 23.09
Cell 3 Capacity (Ah) 18.97 23.61 24.37 23.57
Cell 4 Capacity (Ah) 19.44 22.92 — 24.27
Module Capacity (Ah) 38.41 46.53 48.40 47.21

By summing the capacity of cells in parallel and taking the minimum of those in

series, module capacity is calculated and tabulated in Table 3.2. These measurements

are taken at unknown SOC, and the voltages are reported through multimeter read-

ings. Module 1 has significantly less capacity in comparison to its counterparts. As

all of these modules were drawn from the same pack, it is assumed they experienced

the same cycling conditions, except for varying temperature gradients. This indicates

module 1 has been experiencing accelerated degradation. This shows promise for

using EIS to sort SLBs on parallel/series-connected cell groups.

3.5 Discussion

In the previous section, we demonstrated the results and validation of our methodol-

ogy. Our discussion will centre upon the significance, key takeaways, and limitations

of our model results, methodology, and data augmentation.

3.5.1 Results Evaluation

This study aimed to decipher between batteries for second-life applications or recy-

cling with minimal characterization testing. This was achieved using EIS measure-

ments that inform a binary classification model fitted with probability prediction. The

reason for testing this method on second-life battery data is to highlight the volatility

of degradation as time goes on, requiring information beyond the battery’s capacity.

Out of the four classification models tested the logistic regression yielded the strongest

results with an average accuracy of 91.8% across all test scenarios. The logistic regres-

sion algorithm also performed best on our secondary dataset with an accuracy of 90%.

This performance aligns with existing classification models for remaining useful life as
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they have reported accuracies between 88 and 97% [76, 79, 105]. EIS outperformed a

capacity informed model by 20% accuracy. This allows us to showcase that drawing a

line strictly based on capacity will result in inaccurate sorting. While reading an EVs

battery range is a quick way to sort EIS offers increased accuracy at negligible time

costs. After user assessment battery packs must undergo a UL-certified inspection

and grading procedure before they can be used in second-life applications [106]. Our

method will weed out packs that are not worthy of the time and money required to

complete this certification, aiding in the profitability of the SLB industry. This will

also eliminate packs vulnerable to thermal runaway due to high internal resistance

that may fail certification.

3.5.2 Model Application

When considering the barriers to implementing SLB sorting methods in the real world

we must account for the time and economic investment. In a scenario where a battery

repurposing company is grading multiple batteries every day the difference in testing

times between weeks, days, hours and minutes is significant. Unlike methods that

require multiple cycles to make a prediction, our method requires no cycling and

only minutes to complete testing. EIS also has the flexibility to be performed on the

pack level which is the most practical due to the cost of battery pack disassembly.

We performed a trial experiment to test the abilities of EIS for SLB selection on

series/parallel connected cells. The analysis showed promise as the Nyquist plots

show a clear outlier, revealing the weakest battery module. The EIS testing took

minutes to complete and was noninvasive displaying its practicality.

When testing our proposed algorithm, we outlined five different scenarios where

the model user would adjust the threshold of what makes a good battery. These cases

are determined by either setting the threshold based on a defined rate of degradation

or splitting the data based on quantiles. Splitting by a RUL threshold is useful when

the SLB use case has a specific safety factor or degradation rate you do not want to

surpass. Splitting by quantile assesses the battery in comparison to the training set

and categorizes whether it is above or below your defined percentile. This could be

useful for identifying outliers or segmenting the best stock. The accuracy for each of

the test cases was strong and found that most of the mistakes were at the boundary

between the two classes. The probability estimate allows the model user to make a

judgement call when closer to the borderline.
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A limitation of EIS is its sensitivity to battery SOC and temperature. The data

used in this study was collected at a consistent temperature and full SOC. Without

proper implementation, EIS measurements at different SOCs and temperatures could

affect model accuracy. We also assume that ECM parameters would have the same

trends with batteries of different chemistries. Physically, as the capacity declines

and degradation mechanisms propagate ECM resistances will increase, however, the

dominant parameters may vary between chemistries. This was observed in our second

dataset as the CPE1 parameter had stronger correlations with RUL than Rsei, so it

was swapped in its place.

3.5.3 Data Augmentation

This study also addresses the lack of publicly available data for SLB degradation.

While models have explored the volatility of SLBs they are limited in the ability

to train data-driven models for RUL prediction on real-world representative data

[69, 70, 72]. Commonly, RUL predictions that account for the knee point are subject

to accelerated degradation testing conditions, which yield predictable capacity fade

trajectories, removing some of the uncertainty of second life [76, 77]. This early onset

knee point may be a result of inadequate SEI formation. To bridge the gap between

small more variable and larger accelerated datasets we used a VAE to learn a repre-

sentative distribution of the experimental data. This distribution can be repeatedly

sampled producing a method of applying smaller experimental datasets to data-driven

models. The model is compared with and without adding the VAE, resulting in a

6.9% discrepancy in prediction accuracy. Quantifying the importance of this accuracy

boost goes beyond classifying 7 more batteries correctly out of 100. The VAE added

consistency across the test cases with an 8.4% difference in standard deviation. As

machine learning models often face backlash for mistakes, added consistency fosters

trust in the model.

3.5.4 Future Work

Future work may include acquiring EIS at different SOCs and temperatures that

mimic more realistic conditions. It would be particularly interesting to test this

method using EIS data taken from EV batteries at the pack level that have been left

at rest for long periods, as this parallels the current state of the market. In this case,

a voltage feature should be added to the model inputs as an indication of SOC. To
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further explore the applicability of this model an in-depth techno-economic analysis

should be conducted. This may include costs of EIS equipment, SLB profitability

based on application, and financial risk of premature failure. EIS hardware can be

prohibitively expensive, comparing this to cyclers and factoring in testing time may

provide a better understanding of method feasibility. Deeper analysis of the Zhang

dataset could consist of a more extensive sensitivity analysis of the classification

threshold, to ensure good model accuracy for any possible case. With access to a

larger dataset or with the use of transfer learning it is recommended that direct RUL

prediction for SLBs using EIS is further investigated.
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Chapter 4

Conclusions

4.1 Conclusions

Lithium-ion battery degradation is variable and requires monitoring for adequate

lifespan and safety. The objective of this work was to develop methods for quickly

gaining deeper insights into battery degradation using data-driven modelling. We

chose tasks that reflect battery usage in the first and second life, using real-time and

future predictions connected by using EIS data. EIS is a focus of this work due to its

prowess as a fast in-situ measurement, with insights into internal battery degradation.

Starting with first life, we quantified degradation modes using EIS data and equiv-

alent circuit modelling. As the battery degrades, we see the non-uniformity in degra-

dation mode propagation, leading us to believe that this information can indicate

future degradation. We implemented a Random Forest machine learning algorithm

to predict these degradation modes in real time using feature-engineered charging

data. We captured 95, 98, and 91% of degradation mode variance over cell cycle life

when predicting the conductivity loss, loss of lithium inventory, and loss of active ma-

terial, respectively. Discrepancies in prediction accuracy could be attributed to the

correlations between model input charging features and target DMs. The accuracy

of individual DM prediction was improved by focusing on specific areas of the CC or

CV curves that show higher Shapley feature importance. This provides a method of

rapidly characterizing battery health on a deeper level without needing onboard EIS

hardware.
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After a battery is retired from its first life application, a decision regarding whether

it should be reused or recycled must be made. Second-life batteries are volatile and

arrive at varied SOHs, warranting a health screening method before use. We can

leverage the same EIS quantified degradation modes as model inputs, this time to

determine future battery viability. A logistic regression classification algorithm filters

out future failing batteries with a single EIS measurement, saving battery repurposers

time and money. Using a sensitivity analysis to adjust the class boundary, we find

that the model remains consistent with an average accuracy of 92%.

These two methods provide frameworks for determining key health metrics that

aid financial, safety, and operational-based decision-making. This work highlights

the importance of gaining deeper insights into battery degradation due to variance,

particularly observed in the later stages of life. Machine learning is applied as it is a

quickly parameterized modelling technique that can decipher complex relationships in

large datasets. As rigorous data acquisition becomes a standard in battery ESS and

EVs, machine learning can take advantage of this to quantify useful health metrics

with appropriate data processing and problem definition. To add model interpretabil-

ity visualizations were used to display input feature importance in DM quantification,

and uncertainty in our classification predictions. Using machine learning algorithms,

we are conscious of the practical accessibility of the input data relative to the im-

portance of the given task. EIS proves to be a useful tool for quantifying complex

LIB degradation and will continue to grow in real-world applications as hardware

improvements are made.

4.2 Future Work

A common source of future work in battery degradation modelling is model validation

on different datasets. For our work in Chapter 2, testing our methodology on LIBs

of different cathode chemistry and a wider array of degradation pathways would be

useful. This dataset focussed primarily on the variance in degradation due to depth

of discharge. Cycling at varying temperatures and higher C-rates could result in

more extensive pathways, further inducing conductivity loss. Implementing the use

of synthetic data, transfer learning, or pre-trained time-series models are methods

that could allow for more complex pattern recognition within the charging curves.

The shapely analysis could also be consulted to choose charging segments to focus on
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in further testing.

In Chapter 3, similar points regarding data variety may be made. The method

was tested on another dataset achieving similar results, proving model consistency

over differing chemistries and degradation pathways. An interesting source of focus

of future work for this study may include an in-depth techno-economic analysis. To

justify the use of EIS, the costs of equipment and testing time may be compared

to more common cycling-based characterization methods. An economic sensitivity

analysis could also be conducted to determine optimal boundary thresholds for sep-

arating second-life-worthy batteries from those that are not. This would entail using

degradation rates and initial capacities at the point of first-life retirement to see how

these factors affect project profitability.

Generally, further work can be done to eliminate the need for lab conditions which

is a greater issue in the battery modelling space. This would include sizing up to the

module or pack level, as labs are commonly restricted to testing on cells. We are in

the process of producing a second-life battery dataset equipped with continuous EIS

and temperature variation to capture measurement deviation due to temperature,

SOC, and degradation in second-life batteries. This would offer further data to test

our sorting method and provide more second-life battery data to a data-scarce field.

The final frontier of this thesis would be extracting constant current and voltage

charging data from an EV’s BMS in operation to determine degradation modes in

real time. When this vehicle retires, a decision regarding second-life viability can be

made using these predictions as inputs for our classification algorithm. This model-

chaining approach effectively incorporates decision-making across the entire lifespan

of the battery.
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Appendix A

A.1 ECM Fitting and Model Visualization

Circuit Element Value Unit

L1 5.00× 10−8 H
Rbulk 5.00× 10−3 Ω
Rsei 5.00× 10−4 Ω
C1 3.00× 10+0 F
Rct 5.00× 10−3 Ω
Rw 1.00× 10−2 Ω
Zw,τ 5.00× 10+1 s
C2 1.00× 10−2 F

Table A.1: Initial guesses for the equivalent circuit elements.
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(a) ECM Fitting at the beginning of life

(b) ECM fitting at the end of life

Figure A.1: Nyquist plot fitting using equivalent circuit model at different stages: (a)
Initial condition, and (b) Final condition.

Figure A.2: A decision tree from the random forest training process.
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(a) Conductivity loss

(b) Loss of lithium inventory

(c) Loss of active material

Figure A.3: Shap bee plot for each degradation mode from the training of the multi-
output regression random forest model.
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A.2 ECM Fitting and Additional Results

A.2.1 ECM Fitting

Circuit Element Value Unit

L1 5.00× 10−6 H
Rbulk 5.31× 10−1 Ω
Rsei 4.77× 10−1 Ω
CPE1 4.47× 10−2 Ω−1 sa

CPE1,α 5.77× 10−1 -
Rct 9.69× 10−1 Ω
CPE2 6.21× 10−2 Ω−1 sa

CPE2,α 1.00× 10+0 -
Rw 2.65× 10+1 Ω
Zw,τ 1.02× 10+4 s

Table A.2: Initial guesses for the equivalent circuit elements.
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(a) ECM fitting at beginning of life

(b) ECM fitting at the end of second life

Figure A.4: Nyquist plot fitting using equivalent circuit model at different stages: (a)
Initial condition, and (b) Final condition.

A.2.2 VAE Loss Function Definition

The Kullback-Leibler loss is defined by:

KL loss = −0.5 ·
∑(

1 + zlog var − z2mean − ezlog var
)

• zmean: Mean of the latent variable z, predicted by the encoder.

• zlog var: Logarithm of the variance of z, predicted by the encoder.

The weighted reconstruction loss is given by:

reconstruction loss =
n∑

i=1

wi · E
[
(xi − x̂i)

2]
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• wi are the weights for each feature (wi = 1 for ECM parameters, w7 = 3 for the

RUL).

• xi is the i-th feature of the input.

• x̂i is the i-th feature of the decoded feature.

• E [·] denotes the mean along the batch dimension.

Explicitly, this becomes:

reconstruction loss =
6∑

i=1

E
[
(xi − x̂i)

2]+ 3 · E
[
(x7 − x̂7)

2]
Where the first six features have weights of 1, and the seventh feature has an increased

weight of 3.

A.2.3 Training

Figure A.5: Reconstruction, KL, and total loss progression over VAE training.

A.2.4 Synthetic Data Results
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(a) Rbulk (b) RSEI

(c) Rct (d) Rw

(e) CPE1 (f) CPE2

Figure A.6: Histograms of model parameters related to impedance analysis (Rbulk,
RSEI, Rct, Rw, CPE1, CPE2).
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Figure A.7: Histogram of Remaining Useful Life (RUL).

A.2.5 ECM inputs
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Figure A.8: Plot for 5% loss per 100 cycles

Figure A.9: Plot for 10% loss per 100 cycles
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Figure A.10: Plot for 75/25 split

Figure A.11: Plot for 50/50 split
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Figure A.12: Plot for 25/75 split
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A.2.6 SOH input

Figure A.13: SOH plot for 5% loss per 100 cycles
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Figure A.14: SOH plot for 10% loss per 100 cycles

Figure A.15: SOH plot for 75/25 split



80

Figure A.16: SOH plot for 50/50 split

Figure A.17: SOH plot for 25/75 split




