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Abstract

Efficient lithium-ion batteries are increasingly necessary, especially with the growing
demand for energy storage. To enhance their efficiency, these batteries require an accurate and
reliable method for online diagnosis. This thesis explores improving online diagnosis by
examining the battery voltage response of commercial cells under varied cycling conditions.

The first study investigates battery voltage relaxation, which is the gradual process of
voltage equalization following the cutoff of current flow. Voltage relaxation could be pivotal in
online cell state determination, however, researchin this area is currently underdeveloped. This
study reveals that voltage relaxation behavior is complex and is influenced by the depth of
discharge, charge rate, temperature, and cell chemistry. The results provide a unique,
comprehensive dataset for further research into voltage relaxation. This datasetisused to validate
the efficiency of three voltage relaxation models and three voltage relaxation characterization
techniques.

The second study examines the effect of temperature on battery voltage response and
looks athow it can be integrated into a mechanistic model. This model simulates the battery’s
voltage responseby quantifying theinteractionsbetween a cell’s positive and negative electrodes.
The results of this study prove that it is possible to emulate the behavior of a cell at temperatures
outside of the typical room temperature testing conditions by altering the charge/discharge rate.

Lastly, this thesis analyzes the accuracy of optimization methods for generating synthetic
battery data using mechanistic modeling. Theresults indicate that an exhaustive search technique
outperforms optimization algorithms.

il
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Chapter 1. Introduction

Lithium-ion batteries, popular for their high energy density, low self-discharge rate, and
extended cycle life, have become increasingly important in electric vehicle and grid storage
applications. As the energy and transportation sectors aim for decarbonization, the prevalence of
these batteries grows. Consequently, there is a significant demand for a dependable battery
model that can ensure accurate battery diagnosis. It is crucial to recognize that battery
degradation is path-dependent, meaning each battery’s unique usage leads to distinct
degradation patterns—making efficient online diagnosis important. The primary objective of this
thesis is to study the voltage response of lithium-ion batteries and identify insights that can
improve battery diagnostic techniques. To lay the groundwork for these detailed discussions,
Chapter 2 provides foundational knowledge to prepare for the subsequent chapters.

Chapter 3 studies battery voltage relaxation behavior, which occurs when the battery
gradually transitions to an open-circuit voltage after the currentis interrupted. This relaxation
behavior holds significant potential for online diagnosis since it is an easily measurable metric
that can offer insightsinto the battery’s electrochemical responses. Despite itsimportance, current
knowledge lacks an understanding of how certain factors, such as depth-of-discharge, rate,
current flow direction, and cell chemistry, influence relaxation behavior. The chapter aims to
contribute to this research, providing a unique dataset of voltage relaxation under various cycling
conditions. This dataset enriches the understanding of relaxation behavior and facilitates the
validation of different relaxation modeling and characterization techniques cited in prior studies.

Chapter 4 examines the intricate relationship between temperature and voltage response,
emphasizing its manifestation in incremental capacity curves. Many automated diagnostic
methods, including the mechanistic model referenced throughout this thesis, leverage
incremental capacity analysis for diagnosis and prediction of degradation. Therefore, there is a
significant need to incorporate the effects of temperature into these methods. Previous iterations
of mechanistic models have overlooked this effect, possibly leading to diagnostic inaccuracies.

Transitioning to Chapter 5, we will explore the potential of optimization algorithms to
refine the diagnostic processes discussed in Chapter 4. Current methodologiesrequire an intricate
parameter fitting process to align the experimental data with the simulated data for diagnosis
and prognosis. The prevalent exhaustive search method, although effective, is time-intensive.
Optimization algorithms could potentially provide similar accuracy but with enhanced time
efficiency, making optimal use of computational resources.

This thesis has three core objectives: exploring voltage relaxation behavior, understanding
the relationship between temperature and incremental capacity curves, and testing the power of
optimization techniques for a more efficient diagnostic process.



Chapter 2. Background & Preliminaries

The interdisciplinary nature of this thesis combines principles from electrical engineering
and lithium-ion battery solid state electrochemistry. This chapter serves to lay a foundational
understanding, ensuring readers are familiar with the concepts covered throughout this work
and set the stage for subsequent discussions.

2.1 The Lithium-Ion Cell

Lithium-ion cells have become immensely important in modern energy storage because
of their versatility, high energy density, and wide range of applications. The four essential
components of a lithium-ion battery are the positive electrode (PE), the negative electrode (NE),
the electrolyte, and the separator.

During the discharge process of a lithium-ion battery, lithium ions are released from the
NE and navigate through the electrolyte and separator, where they finally intercalate into the
structure of the PE. To compensate for the lithium ions, electrons move from the NE to the PE,
creating a current flow between the two terminals.

The selection of materials for the PE and NE defines the properties and performance of
the lithium-ion battery. While any material that can host intercalated lithium ions is a potential
candidate, specific materials have gained popularity due to their distinctive characteristics. The
PEs discussed in this research include lithium iron phosphate (LFP), nickel manganese cobalt
(NMC), and nickel cobalt oxide (NCA). These are a few widely adopted PE materials in
commercial applications, each with unique advantages and trade-offs spanning performance,
lifespan, cost, safety, energy density, thermal stability, power output, and rate capability [1], as
shown in Figure 2.1.

Specific power
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Figure 2.1. A comparison of popular PE materials. Taken from [1].



The variety of commercially available NEs is smaller than the variety of PEs. Graphite is
the most popular NE material, with lithium titanium oxide (LTO) trailing far behind [2].
Additionally silicon is sometimes added to graphite to enhance a cell’s capacity.

The electrolyte facilitates the flow of lithium ions between the PE and the NE, while the
separator is placed between the PEand NE to prevent short-circuiting. The advancements of these
components, as well as the PE and NE materials, remain at the forefront of lithium-ion battery
research and are each a topic of their own studies.

When discussing battery science, it is alsoimportant to understand the concept of ‘C-rate.
C-rate describes the rate at which a battery is charged or discharged relative to its rated capacity.
A C-rate of 1C indicates the battery will be fully charged or discharged in one hour. C/25 signifies
a full charge or discharge over 25 hours, while 2C represents a full charge or discharge in 30
minutes.

2.1.1 Half-Cells

A ‘full-cell’ represents the conventional setup where lithium ions actively flow between
the PE and NE materials. This configuration is standard in commercial cells. In contrast, a “half-
cell’ studies one electrode material at a time. In this configuration, either the PE or the NE material
is paired with metallic lithium. This unique setup allows for the detailed study of a single
electrode material in isolation. By utilizing half-cells, researchers can gain insights into the
specific characteristics of each electrode material. This method offers a clearer perspective by
eliminating potential interactions from the other electrode materialnormally present in a full cell.

2.2 Battery Diagnosis & Prognosis

2.2.1 Battery Performance

Battery performance encompasses several measurable metrics, including voltage, current,
and temperature. These parameters can derive values for power, energy, capacity, and resistance.
However, some key metrics are not directly measurable. Notable among these are:

e Stateof charge (SOC): Represents therate-independent usable capacity of a cell in relation
to its maximum capacity. Here, 0% SOC indicates a fully discharged cell, while 100% SOC
represents a fully charged cell.

e Depth of discharge (DOD): Signifies the rate-dependent utilized capacity of a cell. The
significance of rate dependence is evident when considering that a battery charged at a
high current might not access the full SOC spectrum but can still span the complete DOD
range.

e State of Health (SOH): An indicator of a battery’s overall health and condition compared
to its initial capacity [3].

e Cycle life: Refers to the number of charge/discharge cycles a battery can undergo before
its capacity falls below a specific limit, usually set to 80% of its original capacity.
Battery degradation is multifaceted due to the variations in battery manufacturing

processes and usage patterns. Many variables influence battery degradation, and it can manifest
in numerous ways, as illustrated by Figure 2.2. Independent of which of the many particular
degradation mechanisms occur, there are only three ways in which the degradation affects the
battery voltage response: the amount of electrode material that can react, the amount of lithium
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that can be exchanged between the electrodes, and the speed of the reaction. These three effects
can be quantified and are labeled as ‘degradation modes.” The degradation modes are loss of
active material (LAM) on the PE (LAMPE) and NE (LAMNE), loss of lithium inventory (LAM),

and changes in kinetics.
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Figure 2.2. Lithium-ion battery degradation mechanisms. Taken from [4].
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2.2.2 Incremental Capacity Analysis (ICA)

The voltage response of a battery offers valuable insights into its thermodynamic
properties and can serve as a tool to detect battery degradation. While degradation modes can be
difficult to identify and quantify from a voltage vs. capacity curve (Figure 2.3a), it becomes easier
when examining the derivative of capacity with respect to voltage (Figure 2.3b). This derivative,
known as incremental capacity analysis (ICA), enhances variations between curves, facilitating
the quantification of various degradation modes. Each mode manifests distinctly in the
incremental capacity (IC) curves, thus enabling degradation diagnosis without disassembling the
battery. By observing voltage fluctuations within these IC curves, we can discern the specific
degradation mode at play and leverage this information to anticipate the battery cell’s future
behavior [5].
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Figure 2.3. A representation of cell degradation in the voltage response of a cell. The voltage (a)
and IC (b) curves of a cell at the beginning, middle, and end of its cycle life. Taken from [6].

2.2.3 Mechanistic Modeling

Striking a balance between the precision of a diagnostic technique and the resources
required for its execution is always challenging. Academic research and development projects
predominantly emphasize techniques boasting high accuracy, suchas post-mortem analysis, half-
cell analysis, and physics-based modeling. While these methodologies offer precision, they often
demand extensive man hours, costly experiments, and significant computational power. In
contrast, many operational systems lean towards capacity and resistance monitoring due to its
simplicity and automation capabilities, even though it might compromise accuracy. This thesis
strives to navigate a middle path, ensuring both precision and optimal resource utilization.

Lithium-ion cells undergo complex electrochemical processes that make designing a
battery model difficult. This is particularly true when estimating vital parameters like SOC and
SOH. A significant portion of this thesis is dedicated to refining the mechanistic model.

Chapters 4 and 5 require a basic understanding of ‘alawa’ — a mechanistic model
developed locally thatsimulates full-cell cycling data. Alawaemploysan equivalent circuit model
to characterize both the PE and NE of a battery. Subsequently, a full-cell configuration is
constructed using these electrodes. This process carefully considers the composition of the
electrodes, ensuring that the modeling parameters are consistent with the degradation modes,
degree of degradation, and operating conditions [7]. The framework for the model is presented
in Figure 2.4.

Extracting quantifiable parameters from voltage curves is an essential aspect of the alawa
model. The IC curve of a cell allows for the quantification of the loading ratio (LR) and the offset
(OFS) parameters. The loading ratio is the ratio between the capacity of the negative electrode
and the capacity of the positive electrode, while the offset corresponds to the shift in the negative
electrode with respect to the positive electrode. Changing the loading ratio and offset parameters
are presented as the scaling and translation of the PE and NE voltage curves, producing a unique
full-cell voltage curve, exemplified in Figure 2.5. Initial Offset and initial loading ratio are
constant parameters that do not change as the cell ages, as they describe the cell at the beginning
of its life.
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Degradation mode parameters have an effect on the scaling and translation of the PE and
NE voltage curves. The LLI, LAMPE, LAMNE, and kinetics parameters are all dynamic and
change as the cell ages, describing the modes of degradation occurring. LAM and LLI change the
loading ratioand offset of a cell, therefore changingitsvoltage curve, asshownin Figure 2.6. The
resistance parameters manifest in the voltage curve as a verticle translation along the voltage
scale, as in Figure 2.7. Knowledge of how degradation mode parameters affect the voltage curves
is the basis for diagnosing a cell. IC curves like the one provided in Figure 2.3b are used to
highlight the detailed changesin the voltage curves as a result of aging. Alawa simulates all of
the possible degradation combinations until it finds a fit to an IC curve so that the degradation
parameters are quantifiable.
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The voltage response of a batteryis also affected by the kinetic processes occurring during
charge/discharge. The extent of these kinetic effects is influenced by the rateand temperature that
the cell is cycled under, so their integration into the mechanistic model requires additional
parameters [9]. The first parameter is the ohmic resistance increase (ORI), which shifts the PE or



NEvoltage profile toaccount for a resistance increase. The other parameter isthe rate degradation
factor (RDF), which imposes an artificial rate increase or decrease dependent on the adjustment
needed to match the reaction kinetics. Figure 2.8. An example of how rate and kinetics affect IC
curves. The values on the left plot correspond to the change in the C-rate and the values on the
right plot correspond to the RDF. offers a visual representation of how the rate and kinetics affect
IC curves. The RDF values are defined by the original rate correction; for example, an RDF of 0.5
is the original rate divided by 2, and an RDF of 2 is the original rate multiplied by 2, all with a
polarization correction to match the original reaction voltage.
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Figure 2.8. An example of how rate and kinetics affect IC curves. The values on the left plot
correspond to the change in the C-rate and the values on the right plot correspond to the RDF.

2.2.4 Knees

Within the context of the alawa model, it is crucial to recognize that the model can
interpret trends in degradation modes to predict a cell’s likely cycle life, particularly when data
exhibits ‘knees” in capacity loss [5]. The term ‘knee” describes a phenomenon where the capacity
loss of a cell steepens suddenly, leading to a quicker approach to its end-of-life. Figure 2.9
illustrates various intensities of such knee occurrences. Three primary factors can trigger the
appearance of a knee: an accelerated rate of a particular degradation effect, the presence of a
degradation effect thatremains obscured in early cycles but becomes evident at the knee, and the
sudden emergence of a new degradation effect [10].

Machine learning models often struggle to detect knees. This is mainly because these
models are designed toidentify and learn from trends within a dataset. For instance, in a situation
where a single cell with a pronounced knee is rare, amidst most cells demonstrating linear
capacity loss, the model is inclined to learn the more prevalent linear trend, overlooking the knee

anomaly.
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The remainder of the thesis focuses on improving lithium-ion battery diagnosis
techniques and mechanistic modeling. For more details about the electrochemistry of the alawa
model, we refer readers to [7] and [5].



Chapter 3. Detecting Patterns in Voltage Relaxation Behavior

Battery systems often face unpredictable usage patterns in practical applications, lacking
a consistent current or clear charging routine, complicating their control. While the overall duty
cycle might be sporadic, relaxation is always consistent. The voltage relaxation behavior of a
battery has the potential to offer reliable insight into the battery’s electrochemical response and
the performance of the cell. A unique protocol was derived from intermittent titration techniques
in order to create an extensive dataset that could be used to investigate the voltage relaxation
behavior of commercial lithium-ion batteries. This protocol ensured that every rest was
independent of the previous one. The findings demonstrated that relaxation behavior and open-
circuit-voltage settling times were influenced by DOD, rate, current flow direction, and cell
chemistry. To showcase the benefits of having a benchmark relaxation dataset available, we used
the dataset to test the validity of relaxation models as well as relaxation characterization
techniques.

The work in this chapter is currently in press in Cell Reports Physical Science.

3.1 Introduction

Voltage relaxation initiates immediately after the disconnection of a lithium-ion battery
from a charging or discharging current. It primarily stems from the diffusion of lithium ions into
the active materials, resulting in impedance changes [11], [12] and the equilibration of the cell
voltage to its open-circuit-voltage (OCV) as over-potentials dissipate [13]-[15]. This feature is
typically used to determine state-of-charge (SOC) by comparing the measured OCV to a reference
OCV vs. SOC curve. Notable research efforts have explored other potential applications of
voltagerelaxation, such as detectinglithium plating [16], [17] and assessing state-of-health (SOH)
[18]-[20]. Previous investigations have also examined the influence of SOC [20], [21] and
temperature [22] on voltage relaxation. One of the main issues hampering the wide use of
relaxation voltages for analysis is the settling time. Short relaxations do not offer enough time for
the cell to reach its OCV, which could lead to SOC estimation errors, and longer ones could be
affected by self-discharge and anode overhang [23], [24], which will also influence estimation
accuracy. A possibility to circumvent this issue could be to extrapolate the final value from short
relaxations with a relaxation model. This is still a complicated task as, while various models have
been proposed in the literature [25]-[27], they mostly do not account for the potential impact of
the dynamic and complex usage conditions on voltage relaxation.

This study aimed to understand the influence of various testing conditions on relaxation
to evaluate how an appropriate rest duration could be determined to accurately estimate OCV.
The voltage relaxation behavior associated with two commercial full cells of different chemistries
was analyzed under varying conditions to assess the impact of depth-of-discharge (DOD), rate,
and temperature on voltage relaxation using two different protocols. The first protocol was
developed to enhance our understanding of the effects of DOD, regime, and rate on relaxation.
This protocol was derived from the Galvanostatic Intermittent Titration Technique (GITT), but,
unlike GITT, this protocol introduces residual capacity steps to prevent any influence of the
electrode surface diffusion from the previous step to ensure that every relaxation was
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independent of the previous one. These enhancements contribute to a more comprehensive and
reliable dataset of relaxation phenomena compared to the conventional GITT approach. Our
protocol also includes a calibration step before each test to adjust the DOD scale for the cell if
necessary. This calibration step eliminates the potential for miscalculation caused by capacity
loss. The second protocol aimed to investigate the impact of temperature and rate on relaxation
with some full cycles at different rates and temperatures. By systematically varying the
temperature and charge/discharge rate parameters, the study aimed to provide valuable insights
into the underlying mechanisms governing rest behavior. The utilization of the two protocols
resulted in the generation of a unique publicly available dataset [28] encompassing
comprehensive relaxation data for the tested cells. On top of investigating patterns in the
relaxation response, the dataset was also used to investigate three relaxation models from the
literature [25], [26], [29] to assess their applicability to deployed systems for which it is critical to
ensure robustness and effectiveness under sporadic conditions.

3.2 Materials and Methods

3.2.1 Full-cell Characteristics

Two types of commercially available 18650 full-cell Lithium-ion batteries were used for
this work, a 1.1Ah Graphite intercalation compound (GIC)/Lithium Iron Phosphate (LFP)
(APR18650M1B, LithiumWerks) and a 3.5Ah Si, GIC/Nickel Manganese Cobalt Oxide (NMC) 811
(INR18650MJ1, LG Chem). Two batches of cells were purchased and subjected to the initial
characterization and conditioning test [30] to characterize cell-to-cell variations and select suitable
cells. The cycling was performed between2V and 3.6 Vand2.5V and 4.2 V for the LFP and NMC
cells, respectively. The tests were carried out on a MACCOR model 4300 battery cycler with two
multi-current range channels ranging from -5V to 5 V (+0.02% FSR current and voltage accuracy)
and two single-current range channels ranging from 0 V to 15 V (+0.05% FSR current accuracy
and 0.02% FSR voltage accuracy).

3.2.2 Testing Protocols

Two testing protocols were used in this study. Protocol 1 was designed to investigate the
impact of DOD, regime, and rate on relaxation, while protocol 2 focused on the impact of
temperature and rate. Protocol 1 was created specifically for this study and is summarized in
Figure 3.1. This protocol was designed to investigate the evolution of battery relaxation with rate,
voltage, and DOD in charge and discharge, as well as their potential combined effects. To the
difference of SOC, DOD was defined as rate specific, with 100% DOD being the full capacity at
each given rate rather than the cell maximum capacity [31]. The protocol consisted of loops from
and to a fully charged state with a full discharge in between. The first step of the protocol for each
rate consisted of a full cycle at 100% DOD to calibrate the cell's capacity and ensure proper DOD
calculation while accounting for any capacity loss that may have occurred. Each regime (1 full
discharge or 1 full charge) consists of four segments: an initial step at a given rate of C/n to reach
a specific DOD, followed by a 4-hour rest, a residual capacity step at C/50, and a final 4-hour
relaxation period. The addition of residual capacity steps makes protocol 1 different from a classic
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GITT by ensuring that the starting conditions are the same for each segment of the protocol and
that the resulting relaxation is independent of the previous step, as opposed to a GITT where the
rest are influenced by the previous steps as the cell got more time to equilibrate. For both battery
chemistries, protocol 1 was performed on two cells of each chemistry over ratesn = C/25,C/5,and
C/1 at 25°C. For all cells, the investigated DOD were 90%, 80%, 60%, 40%, 20%, and 10%. Selected
cells were also tested at additional DODs (2%, 4%, 6%, 94%, 96%, 98 %) to improve the resolution
close to 100% and 0% DOD.

D Cin @ 100% DOD D C/n @ 90% DOD D C/in @ 80% DOD D Cin @ 60% DOD D Cin @ 40% DOD
REST 4h REST 4h REST 4h REST 4h REST 4h
D Ci25 @ 100% DOD D Ci25 @ 100% DOD D Ci25 @ 100% DOD D Ci25 @ 100% DOD D Ci25 @ 100% DOD

y REST 4h REST 4h REST 4h REST 4h REST 4h
CCin@ 0% DOD C Cin@ 10% DOD C Cin @ 20% DOD C Cin @ 40% DOD C Cin @ 60% DOD
REST 4h REST 4h REST 4h REST 4h REST 4h
C Ci25 @ 0% DOD C Ci25@ 0% DOD C Ci25 @ 0% DOD C Ci25 @ 0% DOD C Ci25 @ 0% DOD
REST 4h REST 4h REST 4h REST 4h REST 4h

- — — — —

v [ ¥

-

D C/n @ 20% DOD D C/n @ 10% DOD

REST 4h REST 4h

D Ci25 @ 100% DCD D Ci25 @ 100% DOD

REST 4h REST 4h -

C Cin @ 80% DOD C Cin @ 90% DOD

REST 4h REST 4h

C Ci25 @ 0% DOD C Ci25@ 0% DOD

REST 4h REST 4h n=Ci25 Ci5, CH1
-

Figure 3.1. Protocol 1. Protocol 1 is designed to investigate the impact of rate, voltage, and DOD

in charge and discharge on battery relaxation.

Protocol 2 was designed to investigate the impact of temperature and rate on relaxation.
First, an initial reference performance test (RPT) was performed at 25°C for rates C/25, C/5, C/2,
C/1, and 2C. Next, a shortened RPT consisting of two cycles at C/25 and C/1 was performed at
temperatures ranging from 0°C to 55°C in 5°C increments. The protocol included a 4-hour
relaxation period after each regime as well as a C/50 residual capacity step with an additional 4-
hour relaxation. For protocol 2, two cells of each chemistry were tested with increasing
temperatures from 25°C to55°C, while two other cells were tested under decreasing temperatures
from 30°C to -15°C. The overlapping of the 30°C RPT and the 25°C RPT for the two sets of cells
was used to compare both sets and ensure data integrity.

In all cases, with the exception of a few glitches on the electrochemical data, both cells
tested for each condition showcased a similar behavior. For the sake of clarity, results for only
one cell will be presented below unless specified. The data used in this work is publicly available.
The full electrochemical dataset can be found in Battery Archive [32] under the name
HNEI_RestStudy. A relaxation data-only dataset can be found in [28].

3.3 Results

Figure 3.2 summarizes the data obtained for protocol 1 using both voltage vs. capacity
plots (a,c) and IC plots (b,d). The capacity values were normalized relative to the maximum
capacity of the cell under investigation. The black lines correspond to full charge and discharge
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cycles with different styles for the different rates, full, dashed, and dotted lines for C/25, C/5, and
C/1, respectively. Additionally, colored points marked along the curves represent the DOD
cutoffs implemented according to protocol 1. These circles are color-coded from blue to red,
indicating increasing DOD levels. The incorporation of these cutoff points allowed us to assess
which electrochemical reactions were occurring when the rest was initiated to investigate the
possible impact on the battery’s relaxation behavior. The reactions are more visible on the IC
curves (b,d), which are very effective in revealing the distinctive electrochemical characteristics
exhibited by the electrodes [33]. For both chemistries, the peaks were indexed following the
literature [33]. Because increasing therate limits the available capacity while also altering kinetics,
some reactions did not necessarily occur at the same DOD, which implies that some of the
relaxations might not relate to the same reactions or to the same stage of the reaction, depending
on the rate. The correspondence between the rest DODs and the electrochemical reactions in each
electrode are summarized in Table 3.1 for the charge data and Table 3.2 for the discharge data.
The tables display the index of the peak where the DOD rest point is located, along with the
reaction progress. For the sake of simplification, each peak was separated into three areas: the
front of the peak where the reaction starts, the apex of the peak where most of the capacity is
located, and the tail of the peak where the reaction is almost complete. For the negative electrode
of the NMC cell, peaks belong to GIC and peak ® to Si.
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Figure 3.2. Voltage and incremental capacity curves from protocol 1. (a,c) Voltage and (b,d) IC

curves from protocol 1 at C/25, C/5,and C/1 in charge and discharge for LFP (a,b) and NMC cells

(c,d). The DOD percentage points represent where the charge/discharge cycle was cut off and
allowed to rest.
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Table 3.1. IC peak positioning in charge. Corresponding peak position for DODs 10%-90% in
charge at rates C/25, C/5, and C/1 for LFP and NMC cells.

DOD  LFPC/25 LFP C/5 LFP C/1 NMC C/25 NMC C/5 NMC C/1
10% O (tail) O x (D (tail) O x (D (tail) O*xD (apex) @*D (apex) @%@ (front)
20% OxD (front) @*D (apex) @* D (tail) OxD (front) @*Q (front) @%@ (front)
40% Ox (D (tail) Ox (D (tail) Ox (D (tail) O X2 (front) @* ) (tail) O X3 (tail)
60% O (front) @*Q (front) @*D (front) @*(3) (tail) O*( (front) @*(B) (apex)
80% Ox(D (apex) Ox (D (tail) Ox(D (apex) O*B) (front) @*B) (tail) (3346 (apex)
90% OxD (front) @*Q) (tail) Ox@ (front) @*@D(front) @*@ (apex) @*@ (apex)

Table 3.2. IC peak positioning in discharge. Corresponding peak position for DODs 10%-90% in
discharge at rates C/25, C/5, and C/1 for LFP and NMC cells.

DOD LFPC/25 LFP C/5 LFP C/1 NMC C/25 NMC C/5 NMC C/1
10% OxD (front) @*@ (front) @*@D (front) @*QD (apex) @*D (apex) @*D (apex)
20% O*xD (apex) @*D (tail) O*D (apex) @*D (tail) O*2 (front) @*2) (front)
40% Ox(D (front) @O* @D (front) @* @D (apex) @* () (tail) O* () (tail) O* () (tail)
60% Ox(D (tail) Ox (D (tail) Ox (D) (tail) O*(3 (apex) @O (front) @*(3) (front)
80% O (D) (tail) Ox(D (front) @* D (tail) O*(3 (apex) O*QB) (front) @*B3) (apex)
90% OxD (tail) @D (tail) O* (D (tail) O* (@ (tail) O* (@ (tail) O* (@ (tail)

Figure 3.3 presents the associated relaxation voltage vs. time curves for protocol 1 in
charge (a,c) and discharge (b,d) for the LFP (top row) and NMC (bottom row) cells. The y-axis, A
voltage, is normalized to the voltage at which each rest was initiated to enable meaningful
comparison of the relaxation curves across different DODs. In the charging scenarios (a,c), the
amplitude of the delta voltage exhibited a consistent pattern across all DODs, with the most
substantial change over the 4-hour rest period occurring at C/1, followed by C/5, and then C/25,
highlighting the impact of current rate on voltage dynamics. Similarly, during discharge (b,d),
the amplitude of voltage change followed a parallel trend: largest for C/1, followed by C/5, and
then C/25, except for the 100% DOD condition in the NMC discharge (d), where C/5 shows the
highest amplitude, trailed by C/1 and then C/25. All the relaxations were found to change
monotonously in time, with the exception of the one measured after 40% DOD at C/1 for the NMC
cell (% on Figure 3.3d) that showcased a bump after 30 minutes. Thisbump wasobserved on both
cells tested under these conditions for an unknown reason that could be related to a power outage
in the temperature chamber. Finally, the delta voltage associated with the rests at 0% DOD in
discharge and 100% DOD in charge were significantly larger than the one observed for other
DODs. To further investigate this increase, additional data points were gathered at 2%, 4%, 6%,
94%, 96%, and 98% for one of the two cells tested for each chemistry.
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Figure 3.3. AVoltage vs. time for Protocol 1 rests. Charge (a,c) and discharge (b,d) for LFP (a,b)
and NMC cells (c,d).

Figure 3.4 presents the results obtained for protocol 2 for both cells in the same order as
Figure 3.3. For this experiment, relaxations were only performed at 0% and 100% DODs. The
obtained relaxation voltage vs. time curves presented in this figure allow for the examination of
how the relaxation behavior evolved in response to temperature variations when relaxed at the
same DOD for both C/25 and C/1 rates in charge (a,c) and discharge (b,d). In charge, for the LFP
cell at C/25 as well as the NMC cell at both rates, the amplitude of the delta voltage increased as
temperature decreased with an opposite trend in discharge. The case of the relaxation of the LFP
cell after a C/1 is more complex without a clear ordering as a function of temperature. There is
also a notable pattern of greater delta voltage amplitude for C/1 compared to C/25 across the
various temperatures, with the exception of -15°C and -10°C for the LFP cell. The full
electrochemical analysis of the results is out of the scope of this work and will be published
elsewhere.
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Figure 3.4. AVoltage vs. time for Protocol 2 rests. Charge (a,c) and discharge (b,d) for LFP (a,b)
and NMC cells (c,d). All the data was taken from the same cell except for the relaxation marked
with a *k.

3.4 Discussion

3.4.1 Settling Time vs. Conditions

In order to observe the relaxation behavior and its sensitivity to external factors, the time
required for relaxation to reach OCV was examined in detail by extracting the OCV settling time
from Figure 3.3 for protocol 1 and Figure 3.4 for protocol 2. This analysis, presented in Figure 3.5,
showcases the relationship between the time to reach OCV, the experimental C-rate, the DOD,
and the temperature for both chemistries. In this figure, the voltage recorded at the end of the 4-
hour relaxation period was considered the true OCV, and the settling time was defined as the
first point in which the recorded voltage was equal to the OCV value while taking into account
the voltage measurement threshold of the cycling machine used to record the data.

The results obtained from this analysis reveal that the relaxation behavior of the batteries
is highly complex and significantly influenced by the DOD, rate, regime, and temperature. It was
observed that the rest time required for relaxation to reach OCV differed depending on the
battery chemistry, as the LFP cell exhibited a distinct relaxation behavior compared to the NMC
cell. The time required for relaxation to reach OCV was also not consistent between charge and
discharge cycles, even at similar DOD. Moreover, no clear patternsor trends were observed when
examining the time to reach OCV as a function of DOD and rate.
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Looking first at the impact of regime, rate, and DOD in Figure 3.5a-d, the first observation
is that the evolution of the settling time is not monotonic. For the LFP cell, settling times were the
highest for high DODs, then for low DODs with a dip in the middle. The impact of rate was also
not monotonic as, for high DODs, low rates rested faster than higher rates, while the opposite is
true at low DODs. For the NMC cell, the difference between the charge and discharge settling
times was more marked than for the LFP cell. In addition, their evolution in discharge (Figure
3.5d) showcased no rate effect and a mostly monotonic decrease with DOD. The charge setting
times showcased a rate effect similar to what was observed for the LFP cell with an inversion of
the rate effect with DOD. Some isolated higher settling times (80% DOD for C/25, 60% for C/5,
and 20% for C/1) were also present under some conditions that could be related to the
electrochemical reaction occurring at those specific DODs. They were verified present on both
cells tested for each condition. Each of these points occurred at the front of their respective IC
peaks, with 60% C/5 and 20% C/1 occurring at the same peak index, as referenced in Table 3.1,
which might indicate an effect of the electrochemical reaction taking place. If electrochemical
processes were to influence the relaxation time required to reach OCV, there could also be a
correlation between the stage of the reaction (fromjustinitiated to mostly completed) and the rest
time. It could be expected that phase transformations relaxed slower than solid solutions since
more structural changes are required. However, contrary to our expectations, these correlations
were not observed. The relaxation process turned out to be intricate and complex, suggesting the
involvement of additional factors beyond the electrochemical reactions alone. The relaxation
times displayed fluctuations without any discernible patterns, making it difficult to establish a
direct correlation between DOD, C-rate, and relaxation behavior. The settling times, therefore, do
notseem tobe easily predictable. In order to investigate these effects further, a similar experiment
was run on half-cell data for both the positive and negative electrodes under the exact same
experimental design (not shown). This experiment, unfortunately, did not allow us to gain any
additional knowledge because the half-cells, on top of having a different electrolyte and stack
pressure, also showcased significant parasitic reactions, especially for the PE, that prevented
relaxations from settling. Therefore, the results were not directly comparable and the relaxation
at the full-cell level could not be reconstructed from the half-cell data. This will be investigated
further in future work.
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Figure 3.5. Settling time as a function of DOD and temperature for all rates. (a,b) LFP cell and
NMC cells (c,d) in charge (a,c) and discharge (b,d) for protocol 1. (e,f) LEP cell and (g,h) NMC
cells in (e,g) charge and (f,h) discharge for protocol 2.
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Figure 3.5e-h presents the evolution of the settling time as a function of rate and
temperature for both NMC and LFP chemistries. The objective of Protocol 2 was to identify their
influence on the dynamics of the relaxation process. While no distinct direct trend of increasing
settling time with temperature could be observed, some interesting patterns still emerged. One
finding is that the evolution of the settling times was quite similar between the two chemistries,
both in charge and discharge. This suggests that certain underlying factors may be influencing
the time-to-OCV, regardless of the specific chemistry. The charge and discharge evolution also
appeared to be almost mirrored, with the lowest settling time in discharge being the highest in
charge and inversely. The rate effect is also much more present in charge, and both the LFP and
NMC cells exhibited longer time-to-OCV during the charge at C/1 compared to C/25 for all
temperatures. Comparing the two cell types, the LFP cells generally had a larger average time-
to-OCV than the NMC cells, except for C/1 discharge. Examining the behavior in charge in more
detail, it can be noted that all C/25 discharge points fell within a relatively narrow time range of
3.5 to 4 hours. This is not the case for the C/1 settling times, and while the time-to-OCV for
temperatures between 55°C and 10°C also fell within the 3.5 to 4-hour range, there was a sharp
decrease to 1.64 hours at 5°C, followed by a rebound to a time range of 2.5 to 3.5 hours at 0°C, -
5°C, and -15°C for the LFP cell. Similarly, for the NMC cell at C/1, the time-to-OCV fell within the
3.5 to 4-hour range for temperatures between 55°C and 5°C. At 0°C, there was a sharp decrease
to 1.7 hours, followed by a recovery to 3 to 3.5 hours at -5°C, -10°C, and -15°C. Similarly to the
study of the impact of rate, regime, and DOD, the investigation of temperature effects on
relaxation behavior did not yield any clear overall trend, as depicted in Figure 3.5. However, the
similar shapes of the settling time response evolution between chemistries imply the presence of
shared underlying mechanisms governing OCV behavior. The longer time-to-OCV during the
charge at C/1 compared to C/25 and the elevated time-to-OCV at lower temperatures in charge
point to a significant impact of both temperature and rate on the relaxation time.

The results of this study showcased the intricate and multifaceted nature of relaxation in
lithium-ion batteries. It highlights the crucial role played by factors such as rate, DOD,
temperature, regime, and chemistry. This suggests that the composition, characteristics, and
usage of the electrode materials play a crucial role in determining the relaxation behavior of the
cells. While understanding the intricate nature of relaxation is crucial, this study showcases that
the predictability of relaxation behavior might be extremely complex to achieve. The public
availability of this dataset should help future modeling studies. In the meantime, the fitting of
experimental rest curves to extrapolate the final OCV might be the better option for deployed

systems.

3.4.2 Evaluation of Relaxation Fitting Models

Inrecent years, numerous techniques for modeling voltage relaxation have been proposed
in the literature, each aiming to reduce the relaxation time required to determine the OCV of a
battery [25], [26], [29], [34]-{38]. Evaluating the efficiency of these models entails measuring the
error between the predicted and true OCVs (OCV after 4h rest in this work). These models
generally fall into three main categories: physics-based [38], equivalent circuit models [25], [29],
[36], [37], and data-driven approaches [26], [34], [35]. To ensure accuracy and robustness and
enable deployment, these models must be validated against factors such as the charge/discharge
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rate, DOD, cell chemistry, and any other parameters influencing the relaxation behavior.
Therefore, diverse datasets such as the one gathered here could act as the foundation to test the
models” capability to handle changing relaxation behaviors, effectively allowing for automated
modeling in deployed systems.

From the multitude of available methods in the literature, three representative models
were tested against our dataset. Since prior research has highlighted the limitations of certain
curve-fitting models, such as the second-order RC model with a constant diffusion coefficient,
which exhibited substantial errors and inefficiency in capturing relaxation behavior [25], this
family of models was omitted from this study. The first selected model, RC1st, was proposed by
Zhou et al. in 2023 [29]. It is based on a first-order RC circuit, with the time constant calculated
from the ratio between the first and second derivative of the relaxation voltage data once the
average voltage change over 60 seconds of rest time is below 0.03 mV. Zhou's study prioritized
the accuracy of OCV prediction rather than fitting the entire relaxation curve. Their model’s
validation was conducted on data from GIC/NMC cells cycled under varying temperatures and
SOCs, demonstrating OCV prediction within 6 minutes with errorsbelow 3mV in most cases. The
second selected model, RC2nd, was presented by Pei et al. in 2014 [25] and was built on a second-
order RC circuit that introduced an adjusted diffusion time constant linearly dependent on
relaxation time. The model utilizes a series of linear equations for ease of solving OCV. Validated
on GIC/LFP and GIC/LMO cells across different temperatures, rates, and SOC ranges, Pei’s model
claimed an OCV prediction error of less than 1 mV with just 20 minutes of data in most cases.
Contrasting the first two models, the third and final model, LS, selected employs a least-squares
curve fitting to an equation with five unknown parameters derived from the general shape of the
relaxation curve [26]. This model was validated on the 24-hour relaxation period following the
one hour of discharging using the federal urban driving schedule on LFP and LMO cells with a
claimed OCV prediction error below 3 mV within 15 minutes of relaxation.

The models were realized based on our interpretation of the instructions provided within
the corresponding studies associated with each model. The implementation was carried out using
Matlab© 2022b. In the case of Model RC1st [29]., the initial step involved identifying the critical
time instance. This point was determined as the time at which the average change in voltage over
a 60-second data interval dropped below 0.03 mV. Subsequently, the first derivative of voltage
concerning time was computed across 180 seconds, encompassing 90 seconds before and after the
aforementioned critical time point. The time constant was then established as the negative ratio
of the first derivative to the second derivative at the critical time point. Derivatives were
calculated using the diff() command. The concluding step involved computing the OCV using an
equation derived from a first-order RC equivalent circuit model, evaluated at the identified
critical time.

For Model RC2nd [25], OCV prediction was achieved by plugging the voltage and time
data from the 4-hour relaxation period into a set of linear equations derived in the referenced
paper. The solution to these equations was obtained through algebraic manipulation.

Regarding Model LS [26], the procedure began by constructing a function that takes input
parameters denoted as A, B, C, D and predicted OCV. The output of this function was the
modeled voltage relaxation, employing the equation outlined in the associated paper.
Subsequently, a least-squares curve fitting approach was employed. This involved fitting the
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relaxation data from a 15-minute interval to the voltage relaxation model function. The Matlab©
function Isqcurvefit was utilized, with initial parameter guesses set at 1 for A, B, C, D, and 3 for
the predicted OCV. Notably, variations in the initial guesses did not yield substantial alterations
in the resulting OCV prediction.

Figure 3.6 presents the outcome of the model’s accuracy, with mean absolute errors
calculated over the entire protocol 1 charge dataset. The same plot for the discharge dataset is
provided in Figure S6. The obtained mean absolute errors are summarized in Table 3.3. While
reporting the error in terms of OCV estimation is important, it is also essential to investigate the
associated SOC estimation. Indeed, if a rest occurred during a solid solution in one of the
electrodes, a few mV of error on OCV estimation does not correspond to a large SOC error,
whereas the opposite will be true for phase transformations occurring simultaneously on both
electrodes [31]. In this work, the SOC was determined by reporting the calculated and true OCV
values on a pseudo-OCV vs. OCV curve calculated as the average between charge and discharge
atC/50 [30]. Model LS emerged as the most accurate among the three tested approaches, followed
by Model RC2nd, with Model RC1st having the highest error. Interestingly, Model LS, being a
data-driven model rather than a model relying on electrochemistry, achieved superior
performance. Figure 3.6 illustrates discrepanciesin model accuracy as a function of DOD, rate,
and cell chemistry. Model LS displayed excellent performance (<1.5% SOC error) for all DODs
and rates with NMC data. However, concerning LFP data, a notable difference between C/1 and
C/25 performance was observed, with the error reaching 25.62% at 0% DOD for C/1. This
emphasizes the significance of verifying relaxation models on diverse datasets, encompassing
cells cycled under varying conditions.

Table 3.3. Mean absolute error (MAE) of the OCV and SOC predictions. MAE of the three models
applied to data from Protocol 1.

Model RC1st [29] Model RC2nd [25] Model LS [26]
MAE OCV - Charge 96.10 mV 3.80 mV 390 mV
MAE OCV - Discharge 223.70 mV 35.10 mV 1580 mV
MAE OCV - Average 159.90 mV 19.45 mV 9.85mV
MAE SOC - Charge 15.88% 4.27% 4.24%
MAE SOC - Discharge 3.38% 3.55% 2.56%
MAE SOC - Average 9.63% 3.91% 3.40%
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Figure 3.6. Model estimation errors. (a,c) OCV and (b,d) SOC estimations errors from the three
models applied to the protocol 1 charge dataset for (a,b) the LFP and (c,d) the NMC cells.

cell and 70 minutes for the NMC cell, higher than their proposed 15 minutes.

Since Model LS exhibited the lowest OCV and SOC prediction errors among the three
tested models, it was subsequently tested on the data from protocol 2 to assess its applicability to
temperature-varying data. The resulting OCV and SOC prediction errors from the charge data of
the LFP and NMC datasets are depicted in Figure 3.7(a) and (c) for the LFP and NMC cells,
respectively. The model’s performance noticeably deteriorated at low temperatures while
achieving its best performance around room temperature. To further explore Model LS, the
amount of relaxation time fed into the model was varied, spanning from 5 to 90 minutes, to test
the minimum time required to reach accurate OCV estimation using data from protocol 1. Figure
3.7(b) and (d) illustrates the resulting SOC errors as a function of relaxation time for all DODs,
considering charge rates of C/25 and C/1. The thicker black line represents the mean error across
the entire dataset. The analysis indicated that increasing the relaxation time reduces SOC and
OCYV errors; however, the decrease in OCV estimation error plateaued at 55 minutes for the LFP
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The testing of three OCV modeling techniques versus our dataset highlighted the
significance of testing models on varied data that encompass diverse cycling conditions to ensure
accuracy and robustness. While Model LS demonstrated the best performance amon g the selected
models, there were instances where SOC predictions deviated by as much as 20%, potentially
limiting its applicability depending on the battery environment and conditions. Moreover, higher
errors were obtained when the model was applied to discharge data, further emphasizing the
necessity to test models on data with varying parameters, including both charge and discharge

scenarios.

3.4.3 Evaluation of Relaxation Characterization Methods

The open dataset provides the perfect opportunity to investigate the impact of different
parameters, such as DOD, rate, regime, and temperature, on various relaxation characterization
methods. This study delves into three approaches for investigating rest data at various levels:
Level 0, Level 1, and Level 2. These levels are aptly named based on their derivative
characteristics, which include the voltage, the voltage derivative, and the voltage second
derivative versus time. Level 0 is the most basic one and involves the examination of rest voltage
vs. time [14], [22], [39]. Level 1 centers on differential relaxation voltage with respect to time,
which has previously been used to detect lithium plating [16], [17], [40] but without a broader
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investigation of its applicability to gain other insight into the cell behavior. Finally, level 2, which
uses the second differential relaxation voltage with respect to time, has never been considered in
the open literature to the best of our knowledge. In addition, to investigate the impact of aging
and the possible predictability of accelerated aging, the analysis was also performed on a
previous dataset [41] where some knees were observed.

Level 0 produced two distinct plots. The first was a voltage vs. time plot, displaying the
unprocessed voltage measurements throughout the relaxation period. The second plot depicted
Avoltage vs. time, calculated as the difference between the measured voltage and the voltage
recorded at the immediate start of each relaxation period. AVoltage was employed to facilitate
meaningful comparisons of relaxation curves across different DODs.

Level 1 requires a calculation of differential voltage with respect to time. A time step of 60
seconds was used for the differential voltage calculation A smoothing process was applied to
reduce noise in the data. Specifically, the Matlab© movmean function was utilized to average
data points over a window of size 10.

Level 2 was developed based on the observation that the first differential voltage curves
exhibited an S-shape, so re-deriving the data should result in a peak shape. This is desirable, as a
peak can be a quantifiable feature from which information about the relaxation curve can be
extracted and compared. To calculate the second differential curves, first, the first derivative of
the voltage with respect to time was computed using a 60-second differential time step. Next, the
first derivative data underwent filtering through four moving average filters, each with a distinct
window size (10, 5,5, and 10) applied sequentially. Subsequently, the filtered first derivative data
was further derived with respect to time using a 60-second differential time step. Finally, the
resulting output wasfiltered using the Matlab© movmean function, this time with a window size
of 10.

Figure 3.8 presents the outcomes of the three voltage relaxation characterization levels
applied to the LFP cell data. Level 0 is illustrated in Figure 3.8a and Figure 3.8b, displaying
unprocessed relaxation data. In Figure 3.8a, the curves cannot be directly compared against each
other, as they are relaxing at different DODs. One way in which the curves could be compared is
to extract curve-fitting function parameters. Simple functions such as the exponential function
and low-order RC circuit models have proven to be inaccurate [37], [39]. While more complex
functions can provide a good fit, they contain many parameters that make results difficult to
interpret [26]. Normalizing the relaxation data to the voltage at the immediate start of the rest
period, as performed in Figure 3.8bas Avoltage, allowed the curvestobe more comparableacross
the changing cycling conditions. A quantifiable parameter from the Avoltage curves is the value
of the endpoint - the total change in voltage over the relaxation period, as shown in the inset plot
of Figure 3.8b. The issue with utilizing this parameter is that the endpoint depends on the
relaxation time, making it arbitrary. Ideally, parameters should be identified quickly to avoid
reliance on long relaxation times for behavior characterization. Furthermore, Level 1, depicted in
Figure 3.8c, lacks distinctive features for quick analysis and parameter extraction, with the extent
of its usefulness lying in the detection of lithium plating [10].

In contrast, Level 2, showcased in Figure 3.8d, offers a second derivative curve that
provides valuable information about the curvature in relaxation voltage slopes. A discernible
peak within the first 2000 seconds of rest emerges as a quantifiable feature for comparing the
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curves. Analyzing these peaks allows for the determination of various parameters, including
maximum peak height and time of occurrence. In the LFP C/25 charge data, maximum peak
height demonstrated a correlation with DOD, indicating the potential usefulness of the method.
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Figure 3.8. Three levels of voltage characterization. (a) Level 0 - Voltage vs. time, (b) Level O -
Avoltage vs. time, (c) Level 1 - first differential voltage, and (d) Level 2 - second differential
voltage of LFP full-cell C/25 charge data at various DODs.

In order to further evaluate the effectiveness of Level 2, additional data was analyzed, as
demonstrated in Figure 3.9. The second derivative curves of LFP C/25 discharge data are
represented in Figure 3.9a, which exhibits a correlation between maximum peak heightand DOD,
similar to Figure 3.8d. To examine the impact of rate on the second derivative curves, Level 2 was
applied to LFP C/1 data, as shown in Figure 3.9b. Again, the results indicated a correlation
between maximum peak height and DOD.

To test the effectiveness of Level 2 on a different type of battery chemistry, it was also
applied to NMC C/25 and C/1 data, as demonstrated in Figure 3.9c and Figure 3.9d, respectively.
Unlike the results obtained from LFP data in Figure 3.8d and Figure 3.9b, applying Level 2 to
NMC data did not reveal a direct correlation between peak height and DOD. This outcome
highlights the first limitation in the applicability of this technique.
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Figure 3.9. Level 2 characterization for DOD. Level 2 applied to the relaxation following (a) LFP

C/25 discharge, (b) LFP C/1 charge, (c¢) NMC C/25 charge, and (d) NMC C/1 charge at various
DODs.

Temperature data was also included to further test the robustness of Level 2. When
temperature-varying LFP and NMC C/25 data were examined in Figure 3.10a and Figure 3.10b,
the second derivative curves showed a decrease in peak height as the temperature increased.
However, the same result was not observed in the C/1 data. Figure 3.10b represents a different
trend for the LFP data compared to the C/25 peaks. Similarly, the NMC data in Figure 3.10d
displayed a slight variation from the trend observed in the C/25 data.
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Figure 3.10. Level 2 characterization for temperature. Level 2 applied to the relaxation following
(a) LFP C/25 discharge, (b) LFP C/1 charge, (c¢) NMC C/25 charge, and (d) NMC C/1 charge at
various temperatures.

Based on the above results, it can be concluded that Level 2 has some potential to provide
insights into cell behavior, as it exhibits a quantifiable parameter. However, it is not reliable
enough to be used as a diagnostic tool, particularly in determining DOD and temperature across
different cell chemistries. One other aspect to consider for the applicability of the method is the
impact of aging on the relaxation behavior of the cells. As such, Level 2 was applied to relaxation
data from the reference performance tests conducted on a batch of NCA cells that were cycled
under different conditions, the results of which are displayed in Figure 3.11. Figure 3.11d
illustrates normalized capacity over the cycling of the cell, showcasing various degrees of knees
at different points in their cycle life.

Figure 3.11a and Figure 3.11d depict the second differential curves obtained from
relaxation after a C/35 RPT for Cell E and Cell D, respectively. Cell E had the longest cycle life,
while Cell D had the shortest. A distinct correlation between peak height and capacity loss was
observed in all five cells, with peak height increasing as the cell’s capacity decreased. The
normalized peak heights over the cycle-life RPTs for each cell are displayed in Figure 3.11c.
However, no correlations were observed between the evolution of the capacity loss and the
evolution of the intensity of the 2nd derivative peaks when the capacity loss accelerated, Figure

3.11d. Level 2, therefore, did not reveal clear indications of knees from the second derivative peak
height trends, which drastically hampers its utility.
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Figure 3.11. Level 2 characterization for aged cells. Level 2— second differential voltage of NCA
Cell E (a) and Cell D (b) over all RPTs. (c) The normalized peak height of the second differential

voltage peaks over all RPTs, and (d) normalized capacity over all RPTs.

The second differential voltage curves were also considered to estimate the final
equilibrium voltageby fitting the peak before a double integration to go back to the delta voltage.
Unfortunately, the technique was ultimately deemed unsuitable for this application due to its
reliance on heavy filtering and inability to provide meaningful insights into the end of the
relaxation period, where relaxation voltage plateaus and equalizes. This reliance on filtering
compromises the accuracy of the analysis and may lead to data loss, necessitating the exploration
of alternative methods for more robust characterization.

3.5 Conclusion

This study aimed to investigate the impact of depth-of-discharge, rate, and temperature
on voltage relaxation duration and explore the relationship between electrochemical voltage
reactions and rest behavior based on experimental data at the full-cell level. The key findings
highlight the strong dependence of relaxation behavior on various factors such as DOD, rate,
current flow direction, and cell chemistry. Regarding temperature effects, the study uncovered
that both temperature and rate have an impact on voltage relaxation behavior and the time it
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takes to reach OCV. However, the impacts did not indicate any distinct function of temperature
or rate that could be used for modeling or prediction of the relaxation.

The dataset was used to validate three relaxation models that have been presented in the
literature in order to determine their applicability torelaxation curvesunder variousDODs, rates,
and chemistries. The complexity of the results underscored the significance of accurate voltage
relaxation modeling and characterization techniques that account for the diverse parameters
involved rather than relying on a one-size-fits-all approach. For comprehensive validation of
OCYV prediction models, incorporating data with varying SOH in addition to temperature, rate,
and DOD-dependent data is crucial. The exploration of novel methodologies and improvement
of existing techniques promise to enhance the accuracy and reliability of OCV predictions,
ultimately contributing to better battery management and performance optimization.

The dataset was also used to investigate the effectiveness of three different levels of
derivation used to characterize voltage relaxation. While Level 0 and Level 1 had significant
limitations, Level 2 provided useful insights. However, it still had some limitations, including
inconsistent correlations across LFP and NMC data and a lack of information about relaxation
behavior after the peak. It was also unsuccessful at predicting a knee in capacity loss for aged
NCA cells.

This study highlights the need for further research into voltage relaxation behaviors,
providing valuable insights into their complexity and the parameters influencing their behavior.
A deeper understanding of voltage relaxation will contribute to the development of testing rest
period models and characterization methods for online battery diagnosis and prognosis,
ultimately enhancing the reliability and performance of battery systems in diverse applications.
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Chapter 4. The Effect of Temperature on Voltage Response

To optimize battery management systems, advancing mechanistic modeling to include
faster rates and diverse temperatures is essential. While existing research provides insights into
theinfluence of temperature on lithium-ion battery performance [42], there remainsa distinct gap
in understanding its impact on IC curves across varying rates. This chapter aims to bridge this
gap, specifically exploring the effects of temperature on ICA, with an emphasis on ohmic
resistance and rate degradation parameters.

This work was presented by Matthieu Dubarry at the Electrochemical Society Meeting
2023 and a publication is in preparation.

4.1 Introduction

Many diagnostic methodologies currently employ ICA; therefore, understanding the
influence of rate and temperature on IC curves is crucial. While it is recognized that temperature
affects the ionic transport and charge transfer rate at the electrode/electrolyte interface, the
representation of these impacts on IC curves remains to be fully understood. For the expansion
of mechanistic models under non-equilibrium conditions, it is crucial to account for these effects.
Furthermore, it is essential to discern how to simulate battery data and IC curves under untested
ratesand temperatures, asassembling a comprehensive dataset covering all conceivable ratesand
temperatures is impractical, especially in real-time diagnostic contexts.

Earlier research validated the approach of using ohmic resistance increase (ORI) and rate
degradation factor (RDF) parameters to compensate for the effect of cell kinetics in full-cells at
two rates (C/35 and C/5) and three temperatures (10°C, 25°C, and 45°C) [9]. However, the current
study explores a broader temperature range and varied rates.

4.2 Experimental Design

In this study, data was derived from experiments conducted on two distinct types of
commercial cells: the graphite/LFP 1.1Ah APR18650M1B cells and the silicon, graphite/NMC
3.5Ah INR18650M]J1 cells. The experimental protocol utilized a total of 8 cells.

First, cells were subjected to an initial RPT at 25°C, which cycled the cellsat C/25, C/5, C/2,
and C/1. This procedure aimed to gauge the performance of undegraded cells at varying rates
under room temperature conditions. The initial RPT of the LFP cells also included rate 2C, a
provision absent for NMC cells due to their specification constraints prohibiting charging at rates
surpassing 1C. Subsequently, the cells were exposed to a temperature-RPT, encompassing rates
C/25 and C/1 across diverse temperatures. Each cell chemistry had two groups, each containing
two cells. The first group began testing at 25°C, with the temperature progressively increasing in
5°C increments, reaching a maximum of 55°C. Conversely, the second group started testing at
30°C and decreased in temperature by 5°C increments down to -15°C. This design ensured
overlapping RPTs at temperatures of 25°C and 30°C between the two groups. Such overlap
facilitated a comparison between all cells, allowing for consistency checks and resistance
matching.
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4.3 Results & Discussion

Figure 4.1 showcases the voltage and IC curves for both NMC and LFP cells during the
initial RPT. In Figure 4.1a and Figure 4.1b, the voltage vs capacity curves for the NMC and LFP
cells, respectively, are depicted. Each curve distinctly represents a different charging rate. The
variations between the curves at different charging rates hint at the internal resistances and
potential kinetic limitations across rates. Figure 4.1c and Figure 4.1d display the IC for the NMC
and LFP cells. The peaks and valleys, each color-coded for different charging rates, reflect varied
electrochemical processes within the cell. Arrows highlight the trends in how the peaks are

changing with an increasing charge rate, with higher rates leading to wider peaks and shifts in
the peak voltage.

35
. = 3
g
;,-i' s /25
250 If c/fs

147/ c/2

(fl n

I

254 : - - : 2 - ‘ - -
35 -3 25 -2 -15 -1 05 0 -1 08 06 04 02 0
Capacity (Ah) Capacity (Ah)
60 T -
3 L) |
< < I
> > Jll‘-l_ |
o o RS
8 8 0k — | _‘,r)Q\____‘,J_Xj ,\h:x.i_ Ao
= = EaTas e o
5 5 ‘ M
3 £ 20 LT
5 5 I
k= E \'ﬂ
A0 -

26 28 3 32 34 36 38 4 4.2 3 3.1 32 33 34 35 36
Voltage (V) Voltage (V)

Figure 4.1. Initial RPT voltage response and IC. NMC (a,c) and LFP (b,d) cells under the initial
RPT.

The voltage response and the IC of the NMC cell under varying temperatures are
presented in Figure 4.2. Given that the NMC cell’s negative electrode is a blend of graphite and
silicon, there is a noticeable peak on the far-left side of the C/25 IC curve that is characteristic of
silicon. This peak becomes pronounced under elevated temperatures but flattens in colder
conditions. The silicon peak is barely discernible in the C/1 IC curves. The exact cause of this
peak’s disappearance requires further exploration. Both C/25 and C/1 IC curves in Figure 4.2
display peak shifts towards a higher voltage when charging and towards a lower voltage when
discharging as temperatures drop. Additionally, the C/1 peaks broaden with increasing
temperature and contract with decreasing temperature. Figure 4.3 shows the NMC cell’s capacity
during both charging and discharging across the tested temperature range for C/25 and C/1 rates.
The capacity decreases at temperatures below 20°C, with C/1 exhibiting a steeper declinein colder

temperatures compared to C/25. Conversely, capacities remain stable for temperatures exceeding
20°C.
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Figure 4.4 captures the voltage response and IC under the temperature RPT for the LFP
cell. Echoing the behavior of the NMC cell, the LFP cell's peaks migrate to higher voltages during
charge and lower voltages during discharge as temperatures increase for both C/25 and C/1. As
temperatures decrease, the IC peaks of C/25 and C/1 become increasingly flattened and less
distinguishable. The temperature-driven capacity trends of the LFP cell are showcased in Figure
4.5. While the cell maintains stable capacity at elevated temperatures, it declines in colder
conditions. The onset of capacity decline for C/1 occursaround 20°C, whereas for C/25, the decline
begins near 0°C. Interestingly, the LFP cell’s decrease is not as dramatic as that of the NMC cell.
This could hint at the LFP cell having superior kinetics or being optimized for low -temperature
performance. To pinpoint the underlying cause, a comparison involving LFP and NMC
electrodes manufactured under identical conditions would be required.
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Figure 4.2. Voltage response and IC of an NMC cell under the temperature RPT. Rates C/25 (a,c)
and C/1 (b,d).
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and C/1 (b,d).
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Understanding the role of temperature in influencing IC curves is important, especially
when viewed through the lens of automated diagnosis. A multitude of diagnostic algorithms
leverages ICA for accurate estimation. Figure 4.6 and Figure 4.7 prominently show this
temperature effect in NMC and LFP cells, respectively. In the left-most plots of these figures,
temperature-driven modificationsin the IC curvesare displayed. As for theright-hand side plots,
they explain how shifts in IC can be indicators of degradation in the typical mechanistic model.
Examining these plots reveals a crucial insight: omitting temperature effects during diagnostics
can lead to a false interpretation of temperature-caused IC changes as signs of cell degradation.
This is further exemplified by the blue and back circles on the figures. These circles point out the
resemblance between the temperature-induced IC variations and the effects typically associated
with the loss of lithium or the loss of active material.
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Figure 4.6. A representation of IC diagnostic methods for an NMC cell. A surface plot of the IC of
the NMC cell across various temperatures (left) and the ICA referencesused to typically diagnose
NMC cell degradation (right).
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Figure 4.7. A representation of IC diagnostic methods for an LFP cell. A surface plot of the
incremental capacity of the LFP cell across various temperatures (left) and the ICA references
used to typically diagnose LFP cell degradation (right).

In Figure 4.8 and Figure 4.9, it is shown that the IC curves at C/25 and C1 across various
temperatures can be emulated by adjusting the rate at room temperature coupled with a voltage
shift. Observing the NMC data in Figure 4.8, the C/25 data at 0°C mirrors the characteristics of
the rate C/5, while the C/1 data at 45°C aligns with rate C/2. Turning to the LFP data in Figure 4.9,
the C/25 data at 10°C matches the rate C/5, and similarly, at -5°C, the data resembles rate C/2. For
the C/1 data, the trends at 55°C and -10°C can be represented by rates C/2 and 2C, respectively.
A consistent pattern emerges across both chemistries: a decline in temperature corresponds to an
increasein the equivalent rateand a more pronounced voltage shift. However, the dataset doesn’t
provide a sufficient number of pointsto accurately deduce the precise function linking equivalent
rate and voltage shift to temperature. As such, future investigations should delve into exploring
more temperature increments and expand the range of rates to include both faster and slower
rates. It is also worth noting that the alignment of temperature data with rate data isn’t perfect.
This inconsistency might stem from the distinct temperature influences on the PEs and NEs.
Therefore, future research should also consider examining half-cell data to gain deeper insights.
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Figure 4.8. Rate-matching of the NMC data. IC curves of the NMC cell for initial RPT rates and
their temperature-adjusted equivalents at C/25 (a) and C/1 (c). Additionally, the temperature (b)
and voltage shift (d) to fit the equivalent rates.
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Figure 4.9. Rate-matching of the LFP data. IC curves of the LFP cell for initial RPT rates and their
temperature-adjusted equivalents at C/25 (a) and C/1 (c). Additionally, the temperature (b) and
voltage shift (d) to fit the equivalent rates.
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4.4 Conclusion

Analyzing the interplay between temperature and IC curves opens the door for battery
modeling without the necessity for extensive equation sets typically used in online scenarios. An
understanding of this relationship enhances the accuracy of mechanistic modeling in diagnostics.
Factoring in temperature for such models reduces incorrect degradation diagnostics and offers
foresight into cell behavior across diverse temperature testing scenarios.

This research underscored the ability to emulate IC curves from cells tested at
temperatures outside the typical room temperature testing conditions. This emulation is achieved
through the alteration of the rate in the mechanistic model coupled with a voltage shift, which
supports the simulation of kinetic changes and the rate degradation factor. To further this
understanding, future studies should encompass a wider range of rates, include more
incremental temperatures, and integrate half-cell data. This comprehensive approach should aid
in determining an accurate relationship between equivalentrate, voltage shift, and temperature.
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Chapter5. An Optimization Algorithm for Simulating Full-Cell Behavior

The mechanistic modeling approach introduced by [7] leverages experimental data from
positive and negative half-cells to synthetically emulate a full-cell battery by matching and
resizing parameters. As discussed in Chapter 2, the model can be parameterized with 5 variables,
loading ratio (LR), offset (OFS), ohmic resistance (R), rate degradation factor on the PE (RDFPE),
and rate degradation factor on the NE (RDFNE). Knowledge of these parameters gives users
insight into the kinetic parameters of a full cell and allows for modeling and diagnosing various
degradation outcomes without the need for extensive full-cell data.

The current method of matching full-cell curvesis by running through multiple nested
for-loops to go through a range of values for various parameters and then taking the set of
parameter values that gives the lowest root-mean-square-error. This matching is completed by
comparing differential capacity (IC) vs. voltage curves, as these curves allow for a more precise
insight into battery behavior and are commonly used for the diagnosis and prognosis of batteries.
We will refer to the current approach as the exhaustive search method. It is important to know
which method to use in future endeavors, such as the one proposed in Chapter 4, as large
amounts of data will have to go through the matching process, so finding an optimal one is
important.

The work in this chapter was done in collaboration with master’s student Fahim Yasir for
the class EE617.

5.1 Problem Formulation

The goal of this project is to determine if optimization can provide a better and faster fit
for the half-cell matching of full-cell lithium-ion battery data compared to the current method.
The objective function isto minimize the root-mean-square error between the synthetic curve and
the experimental full-cell data, and the parameters of the half-cell matching should be constrained
to realistic values. The optimization problem is given by equation (5-1), where x; is the array of
synthetic voltage data and x, is the given array of experimental voltage data, each with n data

points.
4

35+ -

&= — —
3r ' £ —— Posawe skectiode
: s Nagainee elecrode as bl
o~ 25} " — Negalve elacrods sie eal SEl formaton |
< f Full cof
o 2 {
% OFS,; 100% SOC, xR,
> 15 | > o
1 | — 100% SOC,.xLR,
Inkiad |
1055
0.5
0., e} o U - — ——]
0 50 100 150
Initial SOCF,E (%)

Figure 5.1. Matching of the PE and NE half-cell voltages to simulate the full-cell voltage. Taken
from [7].
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min|xq — x
xERn| 1 2|2

s.t. f(OFS,LR,R, RDFPE,RDFNE) = x,
0<0OF5<7
0<LR<175

—-1<R<1
0.1 <RDFPE<1
0.1 <RDFNE<1
x € R
OFS, LR, R, RDFPE, RDENE € R

5.2 Methods & Algorithms

A function is said to be convex if the line segment between any two points on the graph
of the function always lies above or on the graph itself. To prove thata function is convex, we
need to know the analytical form of the function orhow it is defined over its domain. The original
function built to output the synthetic voltage data, x4, as a function of OFS, LR, R, RDFPE, and
RDENE, was written as a complex Matlab© function. The framework of this mechanistic
modeling function is explained in Chapter 2, and itisbased on equivalent circuit modeling, which
is used to represent the electrochemical functions inside a battery. The function encompasses
numerous computations, including interpolation, integration, array-based mathematical
operations, and numerical simulations. As this function is not expressed in analytical form,
convexityisnot typically applicable. We used derivative-free optimization methodsin our project
because these methods don’t rely on the gradient or Hessian matrix of the function.

In our program, we first set the constant parameters for the simulation, including the
cycling rate, voltage range, smoothing factor, IC resolution, positive-electrode half-cell, and
negative-electrode half-cell. We also set the lower and upper bound on the five optimization
parameters and an initial guess for the algorithms that require one. In the initialization, the
experimental data isloaded. We also created a function called alawa_costfun.m, which is the cost
function that we are attempting to optimize. The two inputs into alawa_costfun are x and param,
where x is a 1x5 array of doubles containing the five optimization parameters, and param is a
struct with the given simulation parameters necessary for the modeling function to run in
addition to the experimental IC curve data. This function takes the inputs and runs a simulation
using the existing battery modeling function, then calculates the 2-norm of the difference between
the experimental data and the simulated data, which is the error to be minimized. The output of
the function is the error, the simulated IC data, and the experimental IC data. Essentially, the
algorithms implemented are attempting to find an optimal input to alawa_costfun.m to minimize
the error while maintaining the given constraints on the optimization parameters.

The optimization program was run on two sets of full-cell data: one is the MJ1 cell, and
the other is the A123 cell. These two batteries are made up of different electrode chemistries;
therefore, their voltage and IC curves look very different.

Optimoptions is a Matlab© optimization toolbox function that allows users to customize
and control the behavior of different optimization algorithms. By setting specific options and
parameters, this function customizes the optimization process. It works by configuring a set of
options, such as the optimization algorithm, maximumnumber of iterations, tolerancelevels, and
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constraint handling, to ensure that the solver performs optimally for the specific problem. Once
the options are set, the function can be passed as an input argument to the optimization solver,
directing the optimization process toward the best solution. The maximum number of iterations
was set to 1000, and the tolerance level was set to 1e-6.

In this project, we used the Optimoptions function because it provides an efficient and
reliable approach for fine-tuning the half-cell matching of full-cell lithium-ion battery data. The
function also offers other advantages over the current tested for-loop approach. First, it reduces
the computational time to identify the best-fit parameters by utilizing more advanced
optimization algorithms. Second, the function incorporates constraints directly into the
optimization process, ensuring that the half-cell matching parameters stay within realistic
bounds. Finally, Optimoptions provides a framework to explore different optimization techniques
to achieve the best result.

We used four optimization algorithms for our project: pattern search, particle swarm,
genetic algorithm (ga), and simulated annealing (simulannealbnd). These algorithms provide
unique advantages over other solver options because they are particularly well-suited for
complex, nonlinear optimization problems with multiple local optima, making them ideal for our
problem. A brief description of how each of these algorithms works is given below.

5.2.1 Pattern Search

This is a direct search method that does not rely on gradient information. It works by
iteratively searching the problem space using a predefined pattern and exploring the area around
the current best solution to find a better one. The advantage of using pattern search is that it is
robust to noisy objective functions and can be effective for problems with discontinuities or non-
differentiable regions.

5.2.2 Particle Swarm

This population-based, stochastic optimization algorithm imitates the collective behavior
of distributed, self-organized systems. Each particle represents a potential solution within the
search space. The entire population moves iteratively towards an optimal solution, influenced by
its own best-known position and the best-known position of the whole swarm. The advantage of
using particle swarm is that it can effectively explore large, high-dimensional search spaces,
making it suitable for complex problems with many variables.

5.2.3 Genetic Algorithm

This is a population-based optimization technique inspired by natural selection and
genetic inheritance principles. It works by iteratively evolving a population of potential solutions
through methods such as selection, crossover, and mutation. The advantage of using the genetic
algorithm is its ability to handle problems with multiple local optima, mixed-integer variables,
and non-convex constraints, as well as its capacity to explore the search space both globally and
locally.
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5.2.4 Simulated Annealing

This probabilistic optimization technique incorporates ideas from the controlled cooling
process used in metallurgy to strengthen the structure of materials. The solver searches for an
optimal solution by introducing random changes to the current solution and accepting or
rejecting the new solution based on an acceptance probability function that depends on the
temperature parameter. The advantage of using Simulated Annealing is that it can escape local
optima by allowing occasional uphill moves, making it suitable for problems with many local
optima and complex search landscapes.

5.3 Results & Discussion

The results from the full-cell optimization can be seen in Figure 5.2 for MJ1 cells and
Figure 5.4 for A123 cells, where the red curves are the simulated IC curves calculated using the
optimal parameters found by each of the algorithms, and the black curves are the given
experimental IC curves. Dashed blue curves are included for the two algorithms that require an
initial guess: simulated annealing and pattern search. Figure 5.3 and Figure 5.5 display theresults
from the exhaustive search approach for MJ1 and A123 cells, respectively. The search time,
optimal parameters, and error from each algorithm are in Table 5.1 and Table 5.2, where “error’
refers to the evaluation of the objective function given the optimized parameters.

From these results, we can see that the optimization algorithms are not able to achieve
better results than the exhaustive search approach. While they result in a shorter computation
time, the results are incorrect. We hypothesize that the poor results from the optimization
algorithms are a result of the complexity and non-convexity of the modeling function that is
included in the optimization problem. The algorithms likely get stuck in a local minimum valley
and are unable to get out of it and search for the true optimal values to find a global minimum.
Even algorithms that claim to be able to find global minima can struggle with functions that are
complex, nonlinear, and have multiple local minima. The algorithms may be able to eventually
converge to the global minima if the toleranceis set to a much lower valueand we allow for many
iterations, but this would result in a high computation time. The simulated annealing and pattern
search algorithms also may be sensitive to the initial values we set for the optimization
parameters.

Table 5.1. Optimization algorithm performance — MJ1 cells.

Algorithm Search Error LR OFS R RDFPE | RDENE
Time (s)
Pattern search 13.09 19.318 | 0.91 0.6 0 1 1
Particle swarm 108.12 19.318 | 0.91 6 -0.211 0.1 0.884
Genetic 310.72 19.385 | 0.913 | 5.817 | -0.107 0.911 0.127
Simulated annealing 153.78 19.326 | 0.912 | 5.926 | -0.922 0.111 0.499
Exhaustive search 497.83 7.1551 0.94 4.5 -0.4 0.7 0.4
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Table 5.2. Optimization algorithm performance — A123 cells.

Algorithm Search Error LR OFS R RDFPE | RDENE
Time (s)
Pattern search 18.89 294.441 1.2 7 -1 0.1 0.1
Particle swarm 204.95 294.407 | 1.205 7 1 0.6 0.6
Genetic 466.92 294.677 | 1.207 7 0.169 0.418 0.306
Simulated annealing 371.87 295.742 | 1.221 | 7.093 | 0.313 0.126 0.568
Exhaustive search 326.35 36.006 1.22 7 0 0.3 0.6
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Figure 5.2. Resulting IC curves from the experimental data and the optimized simulated data for

the MJ1 cells.
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5.4 Conclusions

This project aimed to investigate if optimization algorithms could provide a superior and
faster method for matching half-cell data to full-cell lithium-ion battery data compared to the
prevailing exhaustive search method. We implemented four derivative-free optimization
algorithms to reduce the root-mean-square error between the synthetic data and the experimental
data. The results of our study revealed that, while the optimization algorithms did not
outperform the exhaustive search approachin terms of achieving a lower root-mean-square error,
they proved to be more efficient in terms of computation time. Notably, the pattern search
algorithm stood out as the most time-efficient. Therelative underperformance of the optimization
algorithms in our study may be linked to the complexity and non-convexity of the modeling
function included in our problem. Future research should, therefore, consider exploring a lower
tolerance level and allowing for more iterations. The sensitivity of the algorithms to the initial
parameter values also calls for more in-depth studies. Although our findings did not surpass the
exhaustive search method in terms of performance, they have opened up new avenues for further
research and refinement of the optimization process.
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Chapter 6. Conclusion & Future Work

The primary objective of this thesis revolved around a comprehensive exploration of the
voltage response of lithium-ion batteries. This exploration was driven by the overarching goal of
improving the accuracy and reliability of online battery diagnosis techniques. By studying three
ideas — the intricacies of voltage relaxation behavior, the impact of temperature on IC curves, and
the cutting-edge computation of mechanistic models — this research aimed to add to the battery
diagnostic literature.

Chapter 3 unveiled the complexity of the factors that dictate voltage relaxation behavior.
Factors such as DOD, rate, current flow direction, cell chemistry, and cycling temperature
emerged as influential determinants, though their impact on the data did not provide a
straightforward function suitable for prediction or modeling. These revelations underscore the
complex inherent nature of voltage relaxation. They also underline the need for continued
research in this domain. A refined understanding of voltage relaxation behaviors can impact
online battery diagnostic methods, thereby allowing for a quick and convenient way of
determining the conditions of a cell.

In Chapter 4, the relationship between temperature and IC curves was explored. The
research revealed the feasibility of emulating IC curves from cells even when they are cycled
outside conventional room temperature conditions. By adjusting the rate within the mechanistic
model and coupling it with a voltage shift, itis possible to emulate the voltage response of a cell
at various temperatures. Such insights prompt future research directions. Comprehensive
investigations that cover an expansive range of rates, test more incremental temperatures, and
harness half-cell data can help to uncover an accurate relationship linking the equivalent rate and
voltage shift with cell cycling temperature to improve mechanistic modeling.

Finally, Chapter 5 aimed to assess the capability of optimization algorithms against the
traditional exhaustive search method for the alignment of half-cell data with full-cell battery data
in the alawa mechanistic model. The optimization algorithms tested did not surpass the precision
of the exhaustive search approach. The pattern search algorithm did exhibit superior time
efficiency. However, the fitting results were not optimal. Future assessments of optimization for
mechanistic modeling should look into different algorithms and fine-tuning the initial parameter
values.

In conclusion, this thesis has contributed to the existing literature on lithium-ion batteries
and their diagnostic processes. The work has led to two publications in progress, with a third one
possibly added later, and it has been presented at two international battery conferences. The
studies have charted potential pathways for future research in battery modeling and diagnostics.
Aslithium-ion batteriesbecome increasingly more relied upon, continuousadvancementsin their
understanding, diagnosis, and prognosis become crucial.
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