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Lithium-ion batteries (LIBs) undergo irreversible and complex aging processes, making
it essential to evaluate how different parameters influence their cycle life. While previous
studies have examined ageing behavior by changing individual cycling parameters, the
cumulative effects of multiple parameters remain largely unexplored. Therefore, in this
study, we employ explainable machine learning techniques on 28 LIBs from publicly
available data to gain comprehensive understanding about the contribution and
interaction of various parameters towards degradation as the battery ages. Our results
suggest that in the early stages of battery life (State of Health (SOH) between 1.00 and
0.90), the degradation is sensitive to change in temperature, which is likely due to the
abundance of available electrolyte. As the battery ages (SOH between 0.875 and 0.800),
charging current emerges as the primary degradation factor. This shift is attributed to
the development of the solid electrolyte interphase (SEI) and the subsequent decline in
electrolyte quality, which leads to uneven charge density distribution and localized
thermal effects, such as Joule heating. Additionally, the charging current and

temperature show large interaction effects causing degradation. These findings are



consistent with existing literature regarding changes in degradation mechanisms over
the aging period. By offering a qualitative analysis of the differential impact of various
parameters on cell aging, our study provides a novel understanding of battery
degradation mechanisms. This work lays a solid foundation for future research aimed at

extending the cycle life and improving the safety of LIBs using data-driven methods.
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Chapter 1

Introduction
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Figure 1.1: A plot between cell price and LIB demand over the years. BNEF refers to
Bloomberg New Energy Finances. Reproduced with permission from ref [1]. Copyright
2023 Nature.

Since the past decade, there has been an increasing demand for the produc-
tion of lithium-ion batteries (LIBs) driven by their applications in electric vehicles and
portable electronics. [2] This demand has led to continuous improvements in their per-
formance in terms of energy density, power density, and cycle life. [1,3] the emergence
of large-scale manufacturing facilities, such as gigafactories, has significantly reduced cell
costs over the years, as illustrated in Figure 1.1. Despite these advancements, the elec-
trochemical nature of LIBs leads to irreversible ageing throughout their cycle life. [4, 5]

This degradation is driven by various physical and cycling parameters that initiate ageing



mechanisms. To better understand this behavior, modeling approaches has been widely
used to simulate cell degradation. Among them data-driven algorithms integrated with
interpretable models can comprehensively provide insights about the influence of different
parameters on degradation. Such knowledge are invaluable for reducing battery replace-
ment costs and accelerating the transition to a sustainable environment. This chapter

provides a overview of this thesis by detailing different chapters below.

Fresh cell Aged cell
Longer runtime Lower runtime
Better performance Poor performance

Usage pattern
Temperature

Charge/discharge rates

Depth of charge

Figure 1.2: A plot between cell price and LIB demand over the years. BNEF refers to
Bloomberg New Energy Finances.

In Chapter 2, we conduct a comprehensive literature survey on common degra-
dation mechanisms occurring within battery during ageing. We examine the impact of
various parameters on cell ageing. The state of the art modeling techniques, including
empirical, physics-based, and data-driven models, are thoroughly reviewed. In addition,
we report on interpretable and explainable machine learning (ML) methods applied to
battery health prognosis. We also highlight the existing gaps in the literature that has

motivated the current study.

In Chapter 3, we outline the methodology employed in this study. We begin
with processing the raw data by dividing the large dataset into smaller subsets. These
subsets are then introduced as inputs to ML models. Numerous error metrics were
calculated to evaluate model fit. The predictions and the trained models are subsequently
analyzed using interpretable ML strategies to gain insights into the degradation modes

over the cell’s ageing process.

Chapter 4 presents the results from our methodology step by step. We first dis-



cuss about various data analysis methods applied to all the subsets prior to ML training.
The predictions results are demonstrated using parity plots and multiple metrics showing
the fit of the trained model. Additionally, the results from interpretable machine learning
are summarized in a stacked bar plot for easier comparison. Based on these learning, we
propose a hypothesis and provide relevant supporting literature evidence to see if our

hypothesis is valid and makes sense.

Finally, Chapter 5 summarizes the findings from this study and outlines its
limitations. We also provide future perspectives on employing interpretable ML as a

feedback loop to ensure safe battery operation.



Chapter 2

Literature review

The performance and longevity of batteries are heavily influenced by their cy-
cling conditions and usage. Understanding these mechanisms is crucial for advancing
battery innovation. This chapter provides a comprehensive review of the literature on
battery degradation, covering various modeling approaches and interpretability and high-

lighting key findings.
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Figure 2.1: A schematic figure showing different degradation mechanism within the cell.
Reproduced with permission from ref [6]. Copyright 2017 Elsevier.

The extent and behavior of battery degradation depends on combination of
chemical (electrolyte, active material) and physical parameters (usage patterns, temper-
ature, charge/discharge current rates). Several excellent studies have covered the topic
of cell ageing and its influencing parameters. [6-17] Figure 2.1 shows various degrada-
tion within a cell, which sometimes may occur simultaneously at different length scales.

Generally, degradation modes is linked to i) loss of lithium inventory (LLI) and ii) loss



of active material (LAM) in anode and cathode or iii) corrosion of current collectors. [6]
For example, electrolyte decomposition forms an interficial layer between electrolyte and
electrode, which prevents further decomposition. [18-20] However, over time the interfi-
cial layer grows causing increase in internal resistance. During charging/discharging cy-
cles, the electrode materials undergo stress due frequent structural changes which results
in mechanical detachment of active material from the electrode. [8,21,22] Using X-ray
diffraction methods Kondrakov et al., showed that the accelerated ageing is associated to
LAM due to anisotropic lattice change. [23] Additionally, other cell components such as
current collector and jellyroll tape also contribute to cell degradation via corrosion due
to side reaction with electrolyte. [24,25] Various studies have shown that increasing or
decreasing temperature negatively effects battery degradation leading to capacity decay
from LLI and LAM. [9,11,26,27] Moreover, fast charging or discharging during abnormal
temperature conditions causes serious capacity decay. [14] Laforgue et al. conducted a
comparative study on the degradation of 18650 cells subjected to temperatures of 23°C
and below. [28] From the post-mortem analysis they revealed that, the cell cycled at
lower temperatures exhibited severe degradation from lithium plating, active material
fracture, jellyroll deformation, and graphite exfoliation. Whereas, cells cycled at room
temperature displayed minimal degradation. For the purpose of understanding complex

degradation, various modeling techniques have been developed.
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Figure 2.2: A plot showing the increasing complexity of various physics-based models
with increase in accuracy relative to data-driven methods. Equivalent circuit model
(ECM), single particle model (SPM), P2D and data-driven methods. Reproduced with
permission from ref [29]. Copyright 2020 Nature.

Traditional modeling techniques employ both empirical and physics-based mod-

els (PBMs) to understand the degradation and to predict cycle life (figure 2.2. [30-33]



Empirical methods rely on experimental data to forecast long-term capacity fade using
power laws. [32,34] Examples of such models include the open circuit voltage model,
ampere-hour integral method, and other model-based strategies widely used to estimate
the state of charge (SOC). [35] However, these models are often specific to particular
chemistries and operating conditions, limiting their generalizability. [29, 36] Moreover,
their accuracy is constrained by the extent of parameterization, and they often fail to cap-
ture long-range predictions. An improvement to empirical methods is the use of PBMs,
which are more robust in providing accurate insights into degradation mechanisms. [32,36]
PBMs are based on first-principle approaches that utilize partial differential equations to
describe the internal physics and electrochemistry of batteries. A widely used example
is the pseudo 2-dimensional (P2D) model developed by Newman and group [37], which
simulates lithium-ion dynamics within porous 2D material, providing insights into phe-
nomena like lithium plating. [29,32] Other underlying mechanisms, such as impedance
growth, SEI (solid electrolyte interphase) growth, and active material loss, have also been
modeled. [29,31,38-40] For instance, von Wald et al. used molecular dynamics and den-
sity functional theory to model and understand the intercalation of lithium ions through
the SEI layer. [41] However, PBM are complex as it involve large number of parameters
which can be computationally expensive and requires domain-level expertise. Although,
PBM offer some insights into degradation mechanism, they present challenges in terms

of chemistry-specific modeling and parameterization to replicate actual cell degradation.

In the recent years, data-driven methods have been extensively explored for bat-
tery state prediction such SOH, SOC, remaining useful life (RUL), trajectory of ageing
and knee point as shown in figure 2.3. [43-46] Unlike PBM or empirical models, machine
learning (ML) models are effective in capturing the non-linear and complex aging behav-
ior of batteries with less computational efforts (figure 2.2). [47,48] The predictive power
of statistical and ML approaches can precisely recognize hidden patterns in large feature
spaces. One of the simplest approach is to map the cycle number against discharge ca-
pacity to predict the future of degradation and sometimes up to end of life of battery. [49]
Many studies have also focused on extracting valuable information from charge discharge
time-series data to accurately predict the capacity decay. [50] For example, Severson et
al., derived new features from cycling data of first hundred cycles to forecast capacity
decay with an error of around 100 cycles. [47] Similarly, history-agnostic methods have
also been reported, which uses recent available information from time series data for short
and long-term extrapolation. [51] Furthermore, the characteristic features from electro-

chemical impedance spectroscopy [36,48] and acoustic time-of-flight [52, 53] are utilized
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Figure 2.3: A series of plot showing the applications of data-driven methods employed for
battery prognosis and diagnosis. Reproduced with permission from ref [42]. Copyright
2024 Nature.

in addition to cycling data to improve the predictive capabilities. On the other hand,
Gaussian processes models can provide uncertainty interval, which helps in understand-
ing the reliability and confidence of the predictions. [42,54].A significant body of research
has also contributed to the development of hybrid models that combine the predictive
capabilities of ML with the accuracy of PBM. [55-57] Consequently, a lot of emphasis is

placed on holistic understanding the battery ageing and its contributing factors.

Deep learning and probabilistic models are often considered black-box tech-
niques due to their limited transparency. [59] However, explainable or interpretable ML
aims to provide insights into a model’s decision-making process, thus enabling more reli-
able predictions. [60] In simple terms, explainable ML refers to describing the predictions
in human terms, whereas interpretable ML involves understanding the inner mechanism
of the model. [61] In the context of battery health prognosis and diagnosis, various meth-
ods have been explored to render ML models such as feature importance, correlations,
Partial Dependence Plots (PDP) [62], Local Interpretable Model-Agnostic Explanations
(LIME) [63] and SHapley Additive exPlanation (SHAP) [64]. Among these, SHAP is
widely adopted because it can be applied to both local (individual) and global (overall)
predictions. [60,65,66] Many studies utilize these methods to identify features from early
cycling data that have the highest correlation with the target variable. [60] For instance,
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Figure 2.4: A schematic figure showing SHAP values between cycling parameters and
equivalent full cycles (EFC) (top) and SOH metrics (bottom). Reproduced with permis-
sion from ref [58]. Copyright 2023 arXiv.

Lee et al. demonstrated that features derived from the 60th and 100th cycles show a
high correlation to the SOH prediction at the 700th cycle. [64] This indicates that ex-
tracting features from early cycling data can significantly reduce computational efforts
and enable robust predictions for later cycles. Additionally, SHAP has been employed to
elucidate the convoluted degradation mechanisms occurring during cell aging. Vlijmen et
al. showed the correlation between the cycling conditions and 16 SOH metrics. [58] Their
work demonstrated that increasing cell resistance was attributed to the over-discharging
of the positive electrode. However, it is still necessary to understand how different pa-

rameters effect cell aging over time to enable longer and safer battery life.

Although previous research has highlighted the individual effects of these pa-
rameters on cell degradation, their complex interactions during aging have not yet been

thoroughly understood. In addressing this problem, a critical question arises, do bat-



teries undergo different degradation mechanism at different SOH levels? We find that
utilizing explainable ML techniques can provide valuable insights into these intricate ag-
ing mechanisms. Recognizing that these parameters may exhibit correlations with each
other during ageing, we also perform feature interaction measurement. This allows us
find those features which have combined effect on cell degradation. Our work aims to of-
fer a qualitative understanding of cell degradation, demonstrating a potential pathway to
comprehend the underlying factors affecting battery health. By focusing on this subject,
we hope to contribute to a deeper understanding of cell degradation and open doors for

the development of longer-lasting batteries.



Chapter 3

Methods

3.1 Dataset

The dataset for this work is taken from the paper Burzyski et al. [67], who
reported ageing tests on 28 LiNij 33Mng 33Coq 33 - graphite cylindrical cells (18650 for-
mat). This particular dataset was selected for its extensive range of variables, such as
ambient temperature, depth of discharge, discharge current, and average charging cur-
rent, covering 26 diverse cycling conditions. Figure 3.1 provides a comparison between
dataset from Poznan University (this work), MIT/Stanford/Toyota Research Institute
(TRI) and Sandia National Laboratory (SNL). [68] In their work, the authors conducted
capacity reference checks every two days to measure the state of health (SOH), where
all the cells were tested until they reached 80% of nominal capacity (representing 0.80
SOH). Based on SOH values and the number of equivalent cycles (Neq), they introduced
a novel cell aging parameter, dSOH/dNeq. This metric effectively captures cell ageing
characteristics, as evidenced by its increasing value with decreasing SOH. This observa-
tion is consistent with the understanding that as the cell ages, the rate of degradation
accelerates compared to a fresh cell. Furthermore, recognizing the dynamic nature of the
solid-electrolyte interface (SEI) layer with cell ageing, the authors proposed the impor-
tance of using average charging current as a more accurate representation of charging
conditions. A sample dataset for individual cell encompassing of different cycling param-
eters, SOH values ranging from 100% to 80% and dSOH/dNeq values is shown in table
A1,

10
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Figure 3.1: A spider plot comparing various open source datasets.

3.2 Data processing

To investigate the influence of parameters on degradation across different SOH
levels, the dataset was partitioned into subsets based on identical SOH values for all cells.
A representative subset for 0.95 SOH, encompassing data from all 28 cells, is presented
in supplementary table A.2. Spearman’s rank correlation coefficients and corresponding
p-values were computed to assess the non-linear relationship between cycling conditions
and cell degradation, as evidenced by previous studies. [69] To collectively capture these
effects, all the cycling parameters from ageing tests were treated as input features, with
dSOH/dNeq as the target output (figure 3.2a). Since the data downloaded from the study
was already processed into a learning dataset, no further data processing was carried out

apart from the partitioning explained above.

3.3 Machine learning modeling

Figure 3.2b outlines the machine learning modeling step subsequent to data
segmentation. The authors originally employed Gaussian process regression (GPR) due
to its effectiveness with small datasets, however, random forest regression was selected for

this study owing to its superior interpretability and also the ability to capture non-linear

11
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Figure 3.2: Schematic graphics showing the methodology of this work. a) Data processing
the raw input file into learning dataset. b)Random forest model training. c¢) Model
explainability in terms of feature importance and interactions.

relationships. For model training, all data points were considered to comprehensively
examine the impact of diverse cycling parameters within the limited dataset. All the
subsets were trained separately on random forest model to capture the unique degrada-
tion associated to that specific SOH. To mitigate the risk of over fitting associated with
limited dataset, cross-validation scores were employed to assess model performance dur-
ing hyperparameter optimization via grid search cross validation. However, the limited
dataset and the actual values being close to zero can be misleading while measuring the
model error A.1. Therefore, the model evaluation was conducted using several metrics,
such as mean absolute error, explained variance score, R-squared, and root mean squared

error, which are used to quantify prediction accuracy.

3.4 Model explainability

Feature importance is very common approach to understand the percentage
contribution of features to the model predictions. Here we employ different methods to
estimate the feature importance along with feature interactions, as cycling conditions
can have some interactive effect on the degradation itself. Figure 3.2c illustrates variety
of techniques such as SHAP, impurity-based indexing, permutation-based, and Fried-
man’s H-statistic are employed to understand feature contribution and interaction.These

techniques were applied to the trained model to measure the contribution and interac-

12



tions of cycling parameters on cell degradation across different SOH levels. The results
from individual subsets were complied in a single stacked bar plot for straightforward

comparison.

13



Chapter 4

Results and Discussion

Correlation of parameters across different SOH levels
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Figure 4.1: Spearman’s rank correlation coefficients for all the cycling parameters from
1.00 to 0.80 SOH.

The initial data-analysis plots are presented to gain a better understanding
of the data. Figure 4.1 shows the absolute Spearman’s rank correlation coefficient (ps)
derived for all the subsets (figures A.3 to A.11). The ambient temperature has the
the highest |ps|, indicating the highest correlation with dSOH/dNeq and becomes more
pronounced as cell ages. The general trend from correlation pattern is that, the discharge
current has lower correlation relative to temperature, followed by charging current and
depth of discharge.At 1.00 SOH, the dSOH/dNeq values are close to zero, as the cell

undergoes negligible degradation. As a result, the impact of cycling conditions should
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not be visible at this SOH, which may be misleading from the plot. Therefore, 1.00 SOH

is shaded, and the same approach is followed in the remaining figures.

Measure of p values for parameters across different SOH levels
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Figure 4.2: The calculated p-values for all the cycling parameters from 1.00 to 0.80 SOH.

Figure 4.2 presents the calculated p-values for each cycling parameters across
different SOH’s. Typically, p-values greater than 0.05 (threshold value) are considered
statistically insignificant, implying that the parameters do not influence cell degradation.
In their original study, Burzyski et al. demonstrated that all parameters had an impact
cell degradation, as their calculated p-values were below 0.05. [67] However, based on our
calculations, all the parameters exceeded the threshold values starting from 0.975 SOH
except for ambient temperature. Here, again the p-values from 1.00 SOH are ignored
as the degradation values were close zero. The reason for these contradictory results
is that when the dataset is divided based on identical SOH, the resulting subsets have
limited samples (28), which is nearly 10 times smaller than the original dataset (252).
As highlighted by Gémez-de-Mariscal et al., the p-values decreases with increase in data
samples. [70] Therefore, all the parameters, even those with p-values greater than 0.05,

were considered important due to their contextual and practical significance.

In Figure 4.3, the actual degradation values (dSOH/dNeq) are plotted against
the predicted values from the random forest model, with colors indicating different sub-
sets. Despite the small dataset of just 28 samples, the model demonstrates strong pre-
dictive capabilities without signs of overfitting. Additionally, tables A.3 and A.4 present

the evaluation metrics for random forest regression and cross-validation scores showing
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Combined parity plot for dSSOH/dNeq at various SOH Values
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Figure 4.3: A combined parity plot for all the SOH subsets.

good fit of our model. The inconsistencies in evaluation score values are due to the target
variable, dSOH/dNeg, being close to zero. To ensure a thorough evaluation of model fit
in these scenarios, multiple metrics have been provided. Given the qualitative nature of
this study, the focus has been primarily on understanding cell degradation rather than

developing and applying new machine learning models for better predictions using limited

dataset.
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Figure 4.4: A stacked bar plot for SHAP based feature importance.
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Figure 4.4, 4.5 and 4.6 show the feature importance plots describing the relative
contribution of cycling parameters on cell degradation (dSOH/dNeq) as the cell ages from
1.00 to 0.80 SOH. SHAP, impurity-based index and permutation feature importance were
employed to cross-validate the findings and corroborate our approach. SHAP calculates
feature contribution based on Shapley values, which is the average marginal contribution
of individual features across all the predictions. [71] Likewise, the impurity-based method
estimates by averaging the total decrease in impurity measure caused by a specific feature
across all trees in the random forest model. The permutation-based method relies on the
model’s prediction error when the features are permuted. Basically, features with more

significant contributions to predictions result in high errors when shuffled.
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Figure 4.5: A stacked bar plot for impurity-based feature importance.

Figures 4.4, 4.6, and 4.5 show an evident decline in the contribution of tem-
perature to degradation as the cell ages. Although the specific values vary depending
on the feature contribution method, the overall trend remains consistent. The feature
importance percentages decreases from 42% to 14% for SHAP, 28% to 11% impurity-
based and 58% to 11% permutation-based. In contrast, the average charging current
exhibits an increasing trend across all three approaches to cell aging. For SHAP, the
value increases from 36% to 60%, 45% to 55% for impurity-based and 34% to 68% for
permutation-based. The contribution of cycling parameters at 1.00 SOH is not considered
is the analysis as degradation values at this SOH are almost zero. Based on the findings,
we hypothesize that cycling parameters asymmetrically impact the cell degradation as it

ages. Firstly, the sensitivity of temperature to cell degradation is extremely high from
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0.975 to 0.90 SOH. Secondly, charging current has severe effects on degradation in the
lower SOH region, from 0.875 to 0.80 SOH.

Figure 4.7 a, adopted from Preger et al., shows a similar behavior for NMC
cylindrical 18650 cells cycled at 25 and 35 °C. [13] The rate of capacity decay is reduced
after reaching around 87% initial capacity (orange line), while the other cycling parame-
ters are kept the same. The preferential susceptibility of fresh cells towards temperature
is due to the large quantity of electrolyte available which is electrochemically reactive
and conductive. As reported by Lai et al, the volume of electrolyte in cylindrical 18650
cell is directly related to its electrochemical performance. [72] Essentially, at higher tem-
peratures the rapid electrolyte decomposition leads to an increase in the thickness of the
solid electrolyte interphase (SEI) as shown in figure A.12 a and b. [9,11] This growth in
SEI layer results in increased internal resistance and a loss of lithium inventory. Simi-
larly, at lower temperatures, lithium plating occurs due to decreased electrolyte viscosity
and sluggish kinetics A.12 ¢ and d. [11,27,73] As a result, the freshly deposited lithium,
upon contact with the electrolyte, forms an SEI layer, eventually leading to increased cell
resistance. [74] Hence, any change in temperature, either high or low will be the main

driver for degradation.
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Figure 4.6: A stacked bar plot for permutation-based feature importance.

Beyond certain SOH (0.875 to 0.85), the charging current dominates the cell
degradation that exceed the temperature contributions. As the cell ages, the conductive
electrolyte is consumed in SEI formation [75], making the influence of temperature on

cell degradation less significant. Moreover, Lall et al., pointed out from their ageing
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studies on NMC coin cells that charging current greatly contributes to cell degradation.
[76] The high internal resistance in aged cells could cause more pronounced effects from
charging currents, such as increased heat generation due to Joule hearing. [75,77]. This
temperature gradient within the cell causes uneven current density distribution, which
leads to local degradation (figure A.13. [77] The stress induced by charging current can
also result in loss of active material from mechanical degradation. [78] Figure 4.7, adopted
from Guo et al., shows the change in rate of decay of NMC 18650 cell after reaching 90%

initial capacity (orange line). [79]
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Figure 4.7: Influence of cycling parameters on capacity decay. a) The influence of temper-
ature on cycle life of batteries and the orange line represents change in rate of degradation.
Reproduced with permission from ref [9]. Copyright 2023 IOP Publishing. b) The influ-
ence of charging current on cycle life of batteries and the orange line represents change in
rate of degradation. Reproduced with permission from ref [79]. Copyright 2019 Elsevier.

Usually, a large depth of discharge (DoD) can cause mechanical stress on battery
materials due to expansion and contraction, resulting in LAM. [80] However, based on
our feature importance analysis, we find that the effect of DoD is less than 10% in almost
all cases. We believe that the effect of DoD on degradation becomes prominent only when
the cell operates under baseline conditions, as shown in figure A.14. However, the effect
of DoD is masked when operating at conditions higher than room temperature or with
high charging currents. These factors can have a higher impact on degradation through
mechanisms such as LLI or LAM, which is observed at high or low temperatures. In
the context of charging current, the increased rate may lead to immediate stress on the

electrode material, independent of DoD.

The cycling conditions can synergistically impact degradation. To fully un-
derstand the contributions of cycling parameters to degradation, we propose using H-

statistics to measure feature interactions. These interactions between features can lead
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to the combined degradation observed in the system. [81] The H-statistics values are
dimensionless, meaning that higher values indicate stronger interactions between two
features. Figure 4.8 presents the features with the highest interaction values. Notably,
for almost every SOH levels, average charging current and temperature exhibit significant
interactions. This aligns with the earlier observation that either temperature or charg-
ing current significantly contributes to degradation. Accordingly, we should observe the
degradation effect arising either in combination with temperature, charging current, or
both. However, at a 0.975 SOH, we observe a higher interaction between charging cur-
rent and discharge current, which may indicate an error or discrepancy. To validate the
accuracy of the H-statistics results, feature importance derived from the same method is

presented in figure A.15, showing consistency with the previous trends.
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Chapter 5

Conclusion

In this study, we reported the use of explainable machine learning to under-
stand the impact of cycling conditions at different stages of SOH. We propose that the
degradation is driven by different cycling parameters at different stages of SOH as shown
in figure 5.1. All feature importance methods suggested that temperature is a dominant
factor causing degradation during the early stages of cycle life, from 1.00 to 0.900 SOH.
We propose that the large quantity of electrolyte available during these early stages is
highly reactive and undergoes side reactions, leading to LLI. As the battery ages, this
electrolyte is consumed to form an interficial layer, which increases resistance. Therefore,
from 0.875 to 0.800 SOH, degradation is no longer dominated by temperature, as there is
insufficient electrolyte to undergo decomposition reactions. At this stage, degradation be-
comes more sensitive to charging current because the existing non-uniform layer induces
an uneven distribution of current. This results in localized heating, such as Joule heating
that causes cell degradation. We also utilized feature interaction measures to quantify
the interactive effects of various parameters on degradation. The results suggest that
the combination of average charging current and temperature significantly contributes to
degradation, which corroborates our feature importance analysis. Through this study,
we provide a comprehensive understanding of the contribution and interaction of cycling
parameters leading to degradation across different SOH ranges. By identifying temper-
ature and charging current as key factors influencing degradation, and quantifying their
interactions, we pave the way for more targeted strategies to extend battery life and

safety.

21



Temperature driven  Charging current driven

/N
r R
1.00 SOH 0.90 SOH 0.80 SOH
Fresh cell Aged cell

Figure 5.1: Schematic illustration showing the summary of our findings

Currently, our findings are limited to a specific chemistry (NMC) and cell for-
mat (18650). Our findings underscore the importance of employing small dataset with
advanced data-driven methods to uncover complex degradation in batteries. With more
experimental data from cycling studies under diverse operating conditions, we can de-
velop robust data-driven methods that provide insights into degradation mechanisms and

offer foresight to optimize battery aging.
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Appendix A

Supplementry

Table A.1: A sample dataset for cell 1

Ambient Discharging Depth of  Average charging State of dSOH

cellname temperature current discharge current Health /dNeq
10 -2.6 73 2.6 1 0.003
10 -2.6 73 2.53 0.975 0.022
10 -2.6 73 2.44 0.95 0.0418
10 -2.6 73 241 0.925 0.067
1 10 -2.6 73 2.33 0.9 0.0841651
10 -2.6 73 2.33 0.875 0.10356371
10 -2.6 73 2.28 0.85 0.10915
10 -2.6 73 2.1915 0.825 0.11548
10 -2.6 73 2.15 0.8 0.12653664
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Table A.2: A sample subset for all the 28 cells at 0.95 SOH

cell_name Ambient Discharging Depth of Average charging dSOH
temperature current discharge current /dNeq

1 10 -2.6 73 2.44 0.0418
2 10 -2.6 50 2.22 0.02942
3 10 -2.6 27 1.63 0.04513
4 10 -2.6 100 2.52 0.0618
5 10 -7.8 100 2.82 0.19546
6 10 -5.2 60 1.75 0.02634
7 10 -2.6 67 1.59 0.02265
8 15 -2.6 100 1.93 0.02222
9 15 -5.2 100 2.38 0.03208
10 15 -7.8 100 3.02 0.01965
11 15 -5.2 50 2.21 0.03241
12 15 -2.6 50 2.02 0.05751
13 15 -5.2 100 1.86 0.0691
14 25 -10.5 100 2.12 0.0385
15 25 -7.8 100 3.07 0.0239
16 25 -5.2 100 2.73 0.02271
17 25 -2.6 100 1.95 0.0112
18 25 -7.8 100 1.84 0.01947
19 25 -5.2 100 2.03 0.02269
20 25 -2.6 100 3.10 0.07841
21 25 -5.2 50 2.18 0.00715
22 25 -5.2 16 2.35 0.00122
23 40 -7.8 100 3.08 0.0191
24 40 -5.2 100 2.88 0.01584
25 40 -2.6 100 2.40 0.02153
26 40 -2.6 100 3.59 0.04318
27 25 -2.6 100 3.41 0.0916
28 40 -3.9 100 2.703 0.02831
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Figure A.1: A histogram showing dSOH/dNeq distribution for all the SOH subsets.
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Figure A.2: A sample histogram showing cycling conditions (features) distribution for
0.975 SOH. The distribution is same for remaining SOHs.
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Correlation matrix at 1.00 SOH
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Figure A.3: Spearman’s rank correlation coefficient at 1.00 SOH

Correlation matrix at 0.975 SOH
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Figure A.4: Spearman’s rank correlation coefficient at 0.975 SOH



Correlation matrix at 0.95 SOH
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Figure A.5: Spearman’s rank correlation coefficient at 0.95 SOH
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Figure A.6: Spearman’s rank correlation coefficient at 0.925 SOH
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Correlation matrix at 0.900 SOH
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Figure A.7: Spearman’s rank correlation coefficient at 0.90 SOH

Correlation matrix at 0.875 SOH
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Figure A.8: Spearman’s rank correlation coefficient at 0.875 SOH
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Correlation matrix at 0.85 SOH
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Figure A.9: Spearman’s rank correlation coefficient at 0.85 SOH

Correlation matrix at 0.825 SOH
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Figure A.10: Spearman’s rank correlation coefficient at 0.825 SOH
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Figure A.11: Spearman’s rank correlation

Correlation matrix at 0.800 SOH

-0.37

-0.21

Table A.3: Compiled evaluation metrics for random forest regression.

0.2

0.1

0.0

--0.1

--02

--0.3

coefficient at 0.80 SOH

Metric\SOH 1 0975 095 0925 0.9 0.875 0.85 0.825 0.8
Explained Variance Score 0.97 0.18 0.21 064 0.76 078 0.83 083 0.87
Mean Absolute Percentage Error N/A 156 1.24 0.61 0.63 051 049 0.54 0.47
Root Mean Squared Error 0.00 0.04 0.03 0.02 0.02 0.02 002 0.03 0.03
R-squared 0.97 0.18 021 064 075 0.77 0.83 0.83 0.87
Mean Absolute Error 0.00 0.02 0.02 0.02 0.02 0.02 002 0.02 0.02
Table A.4: Five fold cross validation scores
k-fold/SOH 1 0.975 0.95 0.925 0.9 0.875 0.85 0.825 0.8
k=1 -0.0012  -0.0384 -0.0355 -0.0325 -0.0347 -0.0308 -0.0344 -0.0352 -0.0452
k=2 -0.0007 -0.0125 -0.0161 -0.0301 -0.0314 -0.0312 -0.0295 -0.0248 -0.0273
k=3 -0.0001 -0.0163 -0.0196 -0.0252 -0.0427 -0.0606 -0.0837 -0.1070 -0.1274
k=4 -0.0001 -0.0177 -0.0216 -0.0267 -0.0223 -0.0212 -0.0300 -0.0382 -0.0433
k=5 0.0000 -0.0189 -0.0181 -0.0142 -0.0212 -0.0291 -0.0373 -0.0440 -0.0496
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Figure A.12: A comparison of fresh (top) and degraded (bottom) cells due to the effect
of temperatures. a) The growth of SEI layer with increase in temperature observed
by scanning electron microscopy (SEM) images. Reproduced with permission from ref
[11]. Copyright 2014 Elsevier. b) The occurrence of lithium platting at low temperature
observed by x-ray computed tomography. Reproduced with permission from ref [9].
Copyright 2023 IOP Publishing.
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Figure A.13: SEM images showing the early degradation of a cell (lithium platting and
particle detachment) with increase in charge/discharge rates. Reproduced with permis-
sion from ref [79]. Copyright 2023 Elsevier.
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Figure A.14: A plot showing the effect of DoD for NMC 18650 cell at 0.5 C discharge
and 25 °C. Reproduced with permission from ref [13]. Copyright 2020 IOP Publishing.
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Data Availability

The dataset used in the current study can be downloaded from the link provided
by original authors.

NMC cell 2600 mAh cyclic aging data

Code Availability

The code used for processing and analysis is available at github.

https://github.com/hemantnr/MS-thesis.
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