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Battery characterization techniques give critical information about what is happening
inside the battery. However, fully utilizing the data obtain via battery characterization, particularly
battery cycling can be difficult, because so many data points are produced during battery cycling.
A more recent innovation in battery characterization is to leverage data science to more fully utilize
information obtained during various battery cycling protocols. Herein, we introduce two examples
of using data science approaches™ combined with the battery characterization to maximize the
value of the characterization data: total differential capacity (dQ/dV) plots®° and galvanostatic
intermittent titration technique (GITT).1!

Total differential capacity plots are a powerful tool for understanding battery degradation

when combined with various characterization techniques. However, due to the large amount of



data, it is difficult to obtain quantitative conclusions via visual analysis, the typical approach for
total differential capacity analysis. As a result, a data science approach® was proposed to support
quantitative conclusions for total differential capacity analysis. Herein, a software package® has
been developed to quantitatively analyze the battery cycling data from the dQ/dV plots. In addition,
a user interface was built up and some documentations and demonstrations were set up to help the
users have a better understanding of the codes and make it more accessible to use.

Besides the application in tracking the electrochemical reactions within the battery, data
science can also be combined with GITT to extract!>° thermodynamic and kinetic data from a
battery. This work focuses on generalizing a previously developed novel GITT model** that
accurately determined the lithium ion diffusions coefficient for a two-phase??? lithium iron
phosphate electrode, so that the model can readily be applied to any phase transformation battery
electrode (LiFeP0,) system.?%> We validate our generalized tool both by replicating the data
from the previous work!* and using the generalized tool to determine the sodium ions diffusion
coefficients in the two-phase region during the sodium antimonide (NasSb)?%*° battery charge-
discharge cycling. In the standard GITT diffusivity model'*28, the diffusion coefficients can appear
to be many of magnitude lower in the two-phase region. This apparent drop occurs because phase-
transformation is not considered in the GITT diffusivity model. Therefore, the novel phase-
transformation GITT diffusivity model** that we develop into a tool in this work takes both the
diffusion and the interface migration?® into account. By solving the 1-D diffusion partial
differential equations (PDEs)®~3® with the corresponding moving boundary conditions, the
concentration profile, and the diffusion coefficients in both o and £ phase can be determined. The

diffusion coefficients obtained by the new model in the two-phase region are about



10715~ 107 ¢m? /s for a and S phase, which is validated by the similarity of the diffusion

coefficients calculated by the standard model'*8 in the single-phase region.



TABLE OF CONTENTS

TS 0 T TN =TSSR iii
LISE OF TADIES ...ttt n e Vv
(@8 T o) I 1] T (114 o o SR 1
1.1  Data Science Approaches for Evaluating Battery Performance ............ccccccooevvivennnne. 1
1.1.1 The Role of Data Science in Battery Characterization .............ccccccoevivevvevesienieennns 1

1.1.2 A Common Technique for Battery Characterization: Total Differential Capacity
PIOES ANGIYSIS. .. .ecieiiieie ettt e et e st et et e e e et e et e e e e re et e reenreenre s 1
1.1.3 Leveraging Data Science to Improve the Evaluation of Battery Performance........... 4
1.2  GITT Method for Determining Diffusion Coefficients during Phase Transformation... 6
1.2.1 Galvanostatic Intermittent Titration Technique (GITT) ...ccccccvieiiiiiiie e 6
1.2.2 Extracting Diffusion Coefficient from GITT Data through the Fickian GITT
DIffuSIVILY IMOTEL......c.oiceeeeee et 8

1.2.3 A Novel Mixed Control Phase Transformation Model for Determining Diffusion

(O00T=] 1 o [=] 01 SRR 9
1.2.4 Motivation of the Combination of GITT and Data SCience ...........ccccoeevervenennnnne 11
Chapter 2. Data Science Approaches for Total Differential Capacity Plot Analysis.................. 13
2.1 Package REQUITEMENTS .......ccoiiiiieiie ettt e et ne e saee s 13
2.2 Data SCIENCE WOTKFIOW ......cc.eiiiiiiiiie e s 15
N R D - W O [T 10 oo TSR PR 16
2.2.2 PEAK FITLING ...veeie ettt ettt sttt ettt 17



2.2.3  DeSCrIPLOr GENEIALION .......ccuviieieieiieie et eie s e et te e re e re e e reesteaneesreenreenee e 20

2.3 Model and DOCUMENTALIONS .......cueiviieiiriiieisiest e 21
2.3. 1 USEI INTEITACE.......eieieiieiieeee bbb 21
2.3.2 Documentations and DemONSLratioNS ............coviirierieinenieise e 22

2.4 FULUIE DIFECTIONS ...viiiieiisiiieeet et 23

Chapter 3. Gitt Method for Determining Diffusion Coefficients during Phase Transformations 25

3.1  Galvanostatic Intermittent Titration TEChNIQUE...........coveieiieiiiie e 25
3.1.1 Kinetics during Phase Transformation.............cccccveveiieieiic i s 25
3.1.2 Chemical and Mechanical Driving Forces on the Interface............cccceevevvevveveennnnn. 26
3.1.3 Interface Boundary Conditions Determination...........c.cccccoevvveveiieiieeie e 31

3.2 Numerical Method through PYthon ............c.cooieiiiiiiccc e 33

3.3 ReSUItS aNd CONCIUSION. .......cuiiiiiiiieiisiciee e 34
331 RESUIES. ..t 34
3.3.2 CONCIUSION ...ttt bbbttt 36

3.4 FULUIE DIFECHIONS ...ttt ettt 37

RETEIENCES ...t b bbbt 38



LIST OF FIGURES

Figure 1.1 An example of the battery capacity fade over cycles. .........ccccoveviviviiveiecnnn, 2

Figure 1.2. An example for the potential vs. specific capacity plot of (a) charge cycle, and (b)
AISCNAIGE CYCIE. ..o 2

Figure 1.3. An example for a (a) capacity vs. potential plot and a (b) total differential capacity
(dQ/dV) plot. For both plots, the charge cycle is in blue and the discharge cycle is in red.

Figure 1.4. A total differential capacity plot, with arrows demonstrative qualitative shifts in
voltage and intensity of peaks in the total differential capacity plot. .............cc.coc..... 5

Figure 1.5. Example of the GITT curves of Na3Sb, discharge cycle is in blue and the charge
(0 Y7od L TSN [ N =T SO PS 6

Figure 1.6 A zoomed in picture for the (a) discharge and (b) charge GITT data from Figure 1.5.

Figure 1.7. The curve of (a) dE(x)/dx vs. x (ion fraction) (b) dE(t)/dt vs. t................. 9

Figure 1.8. The calculated diffusion coefficient of the sodium ion at different sodium ion
concentrations by using the standard GITT diffusivity model. .........c.cccooevvevnnenen. 9

Figure 1.9. (a) The sodiation mechanism associated with inserting sodium ions into an alloying

electrode material such as antimony. (b) An example of the concentration profile of the

Na3Sb system during the phase transformation associated with sodiation.............. 10
Figure 2.1. Data science workflow for analysis of total differential capacity plots. ........ 15
Figure 2.2. Raw data Of CYCIE L. .....cuoiiiiiiiiiicee s 16
Figure 2.3. Data from cycle 1 after removing noise and spikes in data...............ccccceeu... 17
Figure 2.4. Smooth data after applying Savitzky—Golay filter on cycle 1....................... 18
Figure 2.5. Peak locations identified for cycle 1. ... 18
Figure 2.6. Peak fits of the (a) charge cycle 1 (b) discharge cycle 1, with the data (red), initial

model (dotted), and fitted model (BIUE). .......ccvvveiieiii e, 19
Figure 2.7. The peak locations of the charge cycle over a range of cycle numbers. ........ 20
Figure 2.8 The peak heights of the charge cycle over a range of cycle numbers. ............ 21

Figure 2.9. A preview of the user INterface. .........ccooeiveie i 22
iii



Figure 2.10. An example of the documentation, describing the purpose of the function as well as
the releVant INPULS. ......ooeeiiecece e 23

Figure 3.1. A potential vs. composition isotherm from (a) theory, with charge (blue) and
discharge (red) cycles and (b) GITT data, with charge (orange) and discharge (blue) cycles.
The dotted line represents the isotherm associated with the equilibrium potential. . 28

Figure 3.2. Discharge accommaodation energies as a function of sodium ion concentration and the
corresponding fittiNg FUNCHION. ..........ooiiiiiii e 31

Figure 3.3. Profile of the (a) interface velocity, with calculated data (blue) and fitted curve (red)

and (b) interface position as a function of time. ..........c.ccccooe i, 32
Figure 3.4. The idea of the explicit method of the finite difference method. ................... 34
Figure 3.5. Concentration profiles of sodium ions in the a + B region. .........c.ccccevvveenee. 35
Figure 3.6. Diffusion coefficients iN & 4 [ reQION. .....ccoeiiiiiiiiiiieieee s 35



Table 2-1.
Table 2-2.
Table 2-3.
Table 2-4.
Table 2-5.
Table 2-6.
Table 2-7.
Table 3-1.

LIST OF TABLES

Essential PYthon FIlES ..........cooiiiiiciccc e 13
Jupyter NOtEDOOK FIIES.......c.oiiiiiiiii e 14
BasiC required PACKAGES ..........coeiuiririiieieieie e 14
Required packages for processing data ...........cccceveeieeieeiesiesee s 14
Required packages for data management...........c.cccoeoeveeiieiesiese e 15
Required packages for user INterface ..........ccooevereniiininieieesese e 15
Descriptors of charge CYCIE 1 ..o 20
Parameters used for PDE CalCulations...........cccooeviniiiiienisieenese e 33



ACKNOWLEDGEMENTS

This thesis might not exist without the support of many brilliant, encouraging, and passionate
people in my life. First and foremost, | would like to thank my advisor, Dr. Vincent Holmberg for
having been constantly supportive and encouraging over the past few years. Thank you that the
door of your office is always open for guidance and encouragements both in my research and
career planning. Your support and encouragement of creativity and inspiration helped me grow as
a researcher, and an engineer. | am also thankful to other committee member, Professor David
Beck, for providing valuable and supportive feedback toward my work.

| am extremely grateful to my group members for your help and support in these two years. |
want to thank Nicole Thompson for guiding me when I just started to learn programming Python
and illustrating many data science concepts for me. Thanks to Grant Williamson for always
answering my electrochemical questions and providing beneficial suggestions in both my research
and thesis writing. Thanks to Soohyung Lee for guiding and training me in the nanoparticles
synthesis through the Schlenk Line process. | am also extremely appreciative of Elena Pandres and
Brittany Bishop, thank you for helping me in my thesis preparation, all your feedback and
suggestions have been indispensable to my thesis writing. Thank you to current and former lab
mates, including, Guesang Kevin Lee, Ge Gu, Yao-Yu Li, for scientific and moral support.

| also want to thank my friends for inspiring and supporting me during my time at UW. In
particular, |1 want to thank Kun-Lin Wu, Shao-Fung Hsu, Gouyao Chen, Kailei Liu, Zizhao Xu,

Zonglun Li, Sijin Luozhong, and Kuanhsun Liu. Thank you all for constantly being part of my life

Vi



when studying abroad in Seattle and making here feel more like home. | am also incredibly
appreciative of Melody Cheng for being a constant source of encouragement and enthusiasm over
the years, thank you for being an exceptional partner in and out of the pursuit of my Masters.

| also feel blessed to meet all the saints in Seattle, thank you for your encouraging words and
both spiritual and practical support during my time here. In particular, 1 want to give thanks to
current and former brothers living in the brothers’ house, including Tianyi Ma, Vincent Pau, Sylas
Sun, Jeremy Schoenfeld, Paul Berdnikov, Steven Yen, Minsu Gim, Ken Latimer, James Little, Jui-
Yun Chang, Timothy Kwan, Mathew Teng, Timothy Bi, Hang Guo, Kibum Kim, lan Bae,
Melchisedec Lai, Jiahao Han, David Hsu, Peter Zheng, Timothy Chen, Billy Tao and Weilung Ho.
Thank you guys for making this house so sweet and warm. | also want to give special thanks to
the Peng’s, thank you for the support and shepherding over the past few years, it is so blessed that
| could meet you when | just arrived a new environment, and not too many people share the same
culture with me.

Finally, | am indebted to my family, who is always supporting and encouraging me to pursue
my dream. Thank you, my dear parents, thank you for all your hard work to support my education
and living in Seattle. Without your support, it is impossible for me to have the achievement | have

today.

vii



Chapter 1. INTRODUCTION

1.1 DATA SCIENCE APPROACHES FOR EVALUATING BATTERY PERFORMANCE

1.1.1 The Role of Data Science in Battery Characterization

A wide range of battery characterization techniques are critical for developing a strong
understanding®-3® of degradation processes in order to design materials and architectures to
improve the lifetime, capacity, and rate capability. Battery cycling experiments typically produce
large amounts of data. The resulting battery data is frequently analyzed through qualitative
methods, often omitting a significant amount of data and cycles, which can result in an incomplete
picture of battery performance. The existing battery cycling data can be mined further to develop
a better understanding of battery performance and degradation mechanisms. Data science™ offers
an ideal approach for supporting rapid quantitative analysis of various battery systems. This thesis
will cover the development of several data science approaches® for the battery characterization in

order to develop a more detailed and quantitative picture of battery materials characterization.

1.1.2 A Common Technique for Battery Characterization: Total Differential Capacity Plots
Analysis

As anyone with a smart phone knows, battery performance degrades over time. When you first get

the phone, you might have 8 hours of battery life after a single charge, but after a year, the lifetime

may decrease to 2 or 3 hours. One of the clearest pictures of battery degradation is the capacity vs.

cycle number plot, which is shown in Figure 1.1. This is plot shows how capacity fades over

iterative cycling, but it omits many of the details that can be helpful in identifying degradation

mechanisms.
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Figure 1.1 An example of the battery capacity fade over cycles.

Therefore, the potential vs. specific capacity plot, which is shown in Figure 1.2, allows us
to observe multiple cycles of charge and discharge cycles at the same time, and it also helps us
understand how the capacity changes with different slopes as the potential changes. The difference

both in charge and discharge between the 5 and the 25" cycle are shown in Figure 1.2.
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Figure 1.2. An example for the potential vs. specific capacity plot of (a) charge cycle, and (b)
discharge cycle.

However, in order to advance battery performance, we need to develop a more detailed

picture to pinpoint how and when batteries lose capacity. Ideally, we would like to visualize and



understand how each electrochemical event changes during every cycle; however, showing the
potential vs. capacity curve for each cycle would make it visually difficult to identify important
changes that are associated with capacity fade. On the other hand, performing a qualitative analysis
on a figure that only shows a subset of the battery cycles makes it difficult to extract important
features associated with capacity fade during electrochemical cycling that are not displayed. With
the huge amount of data produced during battery cycling, subtle changes over the cycles are
difficult for human eyes to observe. In other words, it is not immediately intuitive where the
capacity fade mechanism happens.

To enhance the subtle changes that are difficult to identify through qualitative analysis by
the human eye, many researchers use total differential capacity plot analysis to further understand
why the performance of battery materials change throughout cycling. In the plot of the derivative
of a battery’s capacity versus voltage, the flat plateaus during charging and discharging turn into
peaks as shown in Figure 1.3b below, as known as a total differential capacity (dQ/dV) plot. As a
result, the changes in the dQ/dV plot are easier for human eyes to observe, and the changes
throughout cycling are more apparent as we look at multiple cycles. Total differential capacity
analysis highlights how the various electrochemical events® in the battery evolve over iterative
cycling. When combined with various characterization techniques such as in situ X-ray diffraction
(XRD)¥, nuclear magnetic resonance (NMR) spectroscopy®, Raman®®, or Synchrotron
scattering®, total differential capacity analysis is a powerful tool for understanding battery

degradation process.
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Figure 1.3. An example for a (a) capacity vs. potential plot and a (b) total differential capacity
(dQ/dV) plot. For both plots, the charge cycle is in blue and the discharge cycle is in red.

1.1.3 Leveraging Data Science to Improve the Evaluation of Battery Performance

Although a qualitative analysis of total differential capacity plots provides more insight into battery
performance, the large amount of data—often hundreds of thousands of datapoints—makes it
difficult to obtain quantitative analysis and conclusions. For example, it is clear that the peaks in
the dQ/dV plot in Figure 1.4 shift or change in intensity throughout cycling, indicated by the red
arrows; however, without knowing the accurate location of each peak, it is difficult to determine
how much the peaks shift or decrease as cycling continues. These quantitative values would
provide important information related to how the change in the charge passing through each

reaction as well as increased or decreased resistance as the battery ages.
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Figure 1.4. A total differential capacity plot, with arrows demonstrative qualitative shifts in voltage
and intensity of peaks in the total differential capacity plot.

To address this problem, we have developed a series of data science approaches® to support
the analysis of differential capacity plots to label each peak as well as track the change in voltage
and intensity of each peak. First, data cleaning was applied to eliminate noise in the background
of the data and make the dQ/dV curve smoother’. Second, a peak fitting model** was used to
identify the voltage position information of each peak. Finally, that information of the peaks was
shown as the descriptors and visualized on a plot for the users. Herein, the data science approach
which mentioned above will be illustrated in detail from the Python package requirements to
visualization the results. My individual work in this section focused on developing the
documentations of these packages and the demonstration of their utility to ensure these analysis
techniques could be used by future researchers as a tool that could be readily applied to new

systems.



1.2 GITT METHOD FOR DETERMINING DIFFUSION COEFFICIENTS DURING PHASE

TRANSFORMATION

1.2.1 Galvanostatic Intermittent Titration Technique (GITT)

The galvanostatic intermittent titration technique (GITT)* is a common procedure to retrieve both
thermodynamic and kinetic parameters from battery materials, which helps develop a better
understanding of the electrochemical behavior of the battery. In the procedure of GITT, as shown
in Figure 1.5 and 1.6, a series of current pulses are applied to the battery, and after each current
pulse a relaxation period, a period in which no current passes through the cell, is applied to the
battery.
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Figure 1.5. Example of the GITT curves of Na;Sh, discharge cycle is in blue and the charge cycle
isin red.
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Figure 1.6 A zoomed in picture for the (a) discharge and (b) charge GITT data from Figure 1.5.

During the positive current pulse, the potential of the battery increases rapidly to a value
which is proportional to the “iR” drop, where i is the current (A) and R is the summation of charge
transfer resistance R, (Q) and uncompensated resistance R,,, (€2). Due to the galvanostatic charge
pulse, the battery potential starts to increase slowly to keep the concentration gradient constant.
During the following relaxation time, the composition in the electrode becomes homogeneous due
to diffusion of lithium ions. The potential then drops to a value which is proportional to the “iR”
drop, and slowly decreases until it reaches both the equilibrium (dE/dt =~ 0) and the open circuit
potential V,. of the battery. This cyclic process of charge injection and relaxation continues until
the battery is fully charged.

To perform GITT during battery discharge, the process is reversed. During the negative
pulse, the potential of the battery decreases rapidly to a value which is proportional to the “iR”
drop. Then, due to the galvanostatic charge pulse, the battery potential starts to decrease slowly to
maintain the constant concentration gradient. During the relaxation time, due to the diffusion of
the lithium ions, the potential increases quickly to a value which is proportional to the “iR” drop,
and slowly increases until it reaches both the equilibrium and the open circuit potential V. of the

battery. Again, this process is continuously repeated until the battery is fully discharged.
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1.2.2 Extracting Diffusion Coefficient from GITT Data through the Fickian GITT Diffusivity
Model

As mentioned in the previous section, GITT is a technique that can extract!?-2% 34! several
thermodynamic and kinetic parameters of the battery. In this section, a traditional GITT diffusivity
model'® was used to determine the diffusion coefficients for the sodium ions in the sodium
antimonide (NazSb) system. By using the traditional GITT model, the potential changes are
measured as a function of time. If the diffusion of sodium ions within the solid solution electrode
is assumed to be one-dimensional without consideration of the ohmic potential drop, and the phase
transformation is also neglected, then the diffusion coefficient can be determined by using the

Fick’s law through the following equation, which was proposed by John Wen and Robert Huggins

in 1979.18
Dy = & (1YMy2 (e L (1.1)
GITT — TL'(ZAFS [(dj\%))] ( DGITT) .

where L (cm) is the characteristic length of the electrode material, | (A) is the applied current, Vi
(cm?) is the molar volume of the electrode materials, Za is the charge number of element of the
electrodes, F (C/mol) is the Faraday constant, and S (cm?) is the contact surface area between the
electrode and the electrolyte. In addition, the value of dE(x)/dx can be determined by plotting the
equilibrium voltage against the composition of the electrochemically active materials after each
current pulse, and the value of dE(t)/d/zcan be determined by plotting the voltage against the

square root of the time during constant current pulse.
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Figure 1.7. The curve of (a) dE (x)/dx vs. X (ion fraction) (b) dE (t)/d~/t vs. Vt.

With the constants and the associated physical properties of the antimony-based electrode
materials, along with the two derivatives mentioned above, the diffusion coefficient can be

determined through equation 1, and the diffusion coefficient profile is shown in Figure 1.8.

log D (51712/5)

0.0 02 04 06 08 10
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Figure 1.8. The calculated diffusion coefficient of the sodium ion at different sodium ion

concentrations by using the standard GITT diffusivity model.

1.2.3 A Novel Mixed Control Phase Transformation Model for Determining Diffusion

Coefficients

In Figure 1.8, the diffusion coefficients in the middle section (0.05 < x < 0.8) are 2-3 orders of

magnitude lower than the diffusion coefficients at lower and higher concentrations of sodium in
9



NasSh. Other studies'?12° found a similar apparent drop in the diffusion coefficient profile in
the lithium iron phosphate (LiFeP0,) system that this work extends upon. These discrepancies in
the diffusion coefficient profile are because both Na;Sb and LiFeP 0, are alloyed systems?1-2°°0-
%2 in which there are phase transformations®*-*" occurring simultaneously with electrochemical
reactions. To be more specific, in the Na;Sb alloyed system, before the sodium ion diffuses, there
is only the a phase throughout the whole system, which is the sodium ion poor phase. And after
sodium ion starts to diffuse, some of the « phase start to transform to  phase, which is the sodium
ion rich phase. Finally, when the sodium ion diffuses to a certain extent, all the a phase has been
transformed, and only the S phase remains. Therefore, when both the @ phase and the S phase
exist in the system, we call this region the two-phase region, where the phase transformation
happens. Moreover, the two-phase region is where the diffusion coefficient is relatively smaller

than others when equation 1 is used.

(a) (b)
Na3Sh System
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|

N
P S

ehase [

|

A4 ;
[ gohase | | L

o phase: Na-ion poor phase
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Sodium ion concentration

time

Figure 1.9. (a) The sodiation mechanism associated with inserting sodium ions into an alloying
electrode material such as antimony. (b) An example of the concentration profile of the Na;Sh

system during the phase transformation associated with sodiation.

However, equation 1 is based on the Fick’s Law, which assumes simple diffusion and does

not take the phase transformation into account.'® Therefore, it is not valid within the two-phase

10



region of phase transformation materials. In the two-phase region, both the interphase boundary
and the ionic diffusion need to be considered at the same time. If the standard GITT diffusivity
model is used, only an apparent diffusion coefficient??> can be determined in the two-phase
region, rather than the true diffusion coefficient.

To address the confounding phenomena of the interphase boundary and the ionic diffusion
that occurs in standard GITT, a moving boundary model was proposed?>°8, which considers the
interphase boundary within the two-phase region. However, the moving boundary model only
considered diffusion as the main driving force and did not take the strain and stress associated with
the phase transformation into account. Due to the omission of stress and strain at the interface, the
diffusion coefficient in the two-phase region is still significantly lower than that in the single-phase
region.>

Therefore, in order to take both the ionic diffusion as well as the mechanical stress at the
interface into account simultaneously, a mixed control phase transformation theory was proposed
by Yujie, et al.}* The chemical and mechanical driving force on the interface and the kinetics
within the moving boundary conditions during the phase transformation were determined. With
this novel GITT diffusivity model, the true and precise diffusion coefficient in LiFePO, in the
two-phase region were obtained, and can be validated by the diffusion coefficient in the single-

phase regions determined by the standard GITT diffusivity model.

1.2.4 Motivation of the Combination of GITT and Data Science

Overall, GITT is a valuable technique for extracting several thermodynamic and kinetic parameters
of a battery. In our group, we have focused on high-fidelity GITT?5, in which many data points are
collected. Traditional GITT can include 10 to 20 datapoints per cycle while high-fidelity GITT can

include hundreds of datapoints per cycle, which is more difficult to analyze using traditional

11



techniques. This represents an opportunity to leverage data science tools to build an analysis
technique that can rapidly and automatically extract thermodynamic and kinetic parameters in the
battery.

Herein, based on the novel mixed control phase transformation theory proposed by Yujie,
et al.!4, a Python model was built to determine the diffusion coefficient in the two-phase region of
our material Na;Sh?®, an alloyed material. In addition, the calculation for the diffusion coefficients
was clarified in more detail in this study, including the determination of the moving boundary
conditions and the solution of the partial differential equations (PDEs). Moreover, based on Python
programming, a user interface may be set up in the future to allow user to import the potential and

composition data from GITT, and automatically extract the parameters in the battery.

12



Chapter 2. DATA  SCIENCE  APPROACHES FOR  TOTAL
DIFFERENTIAL CAPACITY PLOT ANALYSIS

The work presented in this chapter is the result of a collaborative training project® with Nicole
Thompson, a graduated M.S. student in the Holmberg lab. Nicole developed this analysis and
provided the Python codes for my Python programming training, including data cleaning, peak
fitting, descriptor generation and the user interface.

The work within this chapter is in preparation for publication with permission from “N. L.
Thompson et al., “DiffCapAnalyzer: A Python Package for Quantitative Analysis of Total

Differential Capacity Data”, in preparation.

2.1 PACKAGE REQUIREMENTS

In this analysis, there are 5 essential python files and 6 jupyter notebook files which demonstrate
the codes and serve as documentations, which are shown in Tables 2.1 and 2.2.

Table 2-1. Essential Python files

File name Description
constructs the DASH based app imports the
1 app_helper_functions.py databasewrappers.py file and uses that file as the

""connection” between the app and the data processing
does the majority cleaning, calculates dQ/dV from

2 chachifuncs.py raw files, and uses the databasefuncs.py file functions
to save that cleaned data in the database

3 databasefuncs.py updates and gets data from the database

4 databasewrappers.py interacts with the database and the data processing

gathers the descriptors from the model, including

functions for peak finding, model fitting, sorting

those descriptors for each peak, and saving those
descriptors to the database

5 descriptors.py
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Table 2-2. Jupyter Notebook files

File name Description
1 chachifuncs.ipynb documentations for chachifuncs.py
2 databasefuncs.ipynb documentations for databasefuncs.py
3 databasewrappers.ipynb documentations for databasewrappers.py
4 descriptors.ipynb documentations for descriptors.py
5 process data example.ipynb demonstrates the major work of this analysis
: . demonstrates the detailed work of the
6 detailed_steps_example.ipynb .
process data example.ipynb

In order to operate the analysis, users need to install several Python packages/modules,

which are shown in Table 2.3 to 2.6, to run the functions successfully in the Python files mentioned

above.
Table 2-3. Basic required packages
Package/Module name Description
1 glob retrieves files/pathnames matching a specified pattern
. provides various functions that work on iterators to produce
2 itertools :
complex iterators
3 math a package contains several common mathematical functions
. a comprehensive library for creating static, animated, and
4 matplotlib . S e
interactive visualizations in Python
5 num provides a high-performance multidimensional array object,
Py and tools for working with these arrays
5 08 provides a way of using operating system dependent
functionality
offers data structures and operations for manipulating
7 pandas . ) .
numerical tables and time series
provides access to some variables used or maintained by the
8 Sys interpreter and to functions that interact strongly with the
interpreter
Table 2-4. Required packages for processing data
Package/Module name Description
1 Imfit a library for least-squares minimization and data fitting
2 peakutils provides utilities related to the detection of peaks on 1D data
an interactive, open-source plotting library supporting over
3 plotly 40 unique chart types with a wide range of statistical,
financial, geographic, scientific, and 3-dimensional use-cases
. a free and open-source Python library used for scientific
4 scipy . . .
computing and technical computing
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Table 2-5. Required packages for data management

Package/Module name Description
a Python standard library intended for working with

! sqlite3 SQL.ite3, a database engine
Table 2-6. Required packages for user interface
Package/Module name Description
1 ast helps Python applications to process trees of the Python
abstract syntax grammar
provides data encoding and decoding as specified in RFC
2 base64 3548
3 dash an Open Source Python Iibrary for_ creating reactive,
Web-based applications
4 io provides Python’s main facilities for dealing with various
types of 1/0
5 json transfers data as text that can be sent over a network
5 requests passes parameters in URLs to s_end_ing custom headers
and SSL Verification
; urllib uses the urlopen fu_nction a_nd is able to fetch URLSs using
a variety of different protocols

2.2 DATA SCIENCE WORKFLOW

In this analysis, the raw data is obtained from the database, smoothed through the data cleaning
process, and fitted through peak deconvolution, which is followed by determining descriptors, and
visualization of the final model through the user interface. In addition, documentations and
demonstrations are included to make these codes more accessible. Figure 2.1 shows the data

science workflow of this analysis.

Data Peak . o Documentations &
Raw Data — - > - —>| Descriptors —> Visualization — .
Cleaning Fitting Demonstrations

Figure 2.1. Data science workflow for analysis of total differential capacity plots.
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2.2.1 Data Cleaning

Before processing the data, it is important to clean the data and remove background noise. Figure
2.2 below shows an example of the raw data after calculating the dQ/dV curve. Clearly, there is
noise and significant jumps in both the charge and discharges, which would result in
misrepresentation of peak intensities and voltage shifts. To accurately identify and analyze the
changes in electrochemical events over many cycles, it is essential to clean these features to obtain

a clean peak profile.

Raw Data of Cycle 1

10.0

7.5

5.0

2.5

0.0

dQ/dV (Ah/V)

—2.5

=5.0-

=7.5

-10.0 T T T T T T T T
28 30 32 34 36 38 40 42
Voltage(V)

Figure 2.2. Raw data of cycle 1.

In order to eliminate noise and jumps, a function that can remove datapoints with dV = 0

is applied to the raw data, as shown in Figure 2.3.
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10.0 Clean Data of Cycle 1

7.5

5.0

2.5

0.0

dQ/dV (Ah/V)

—2.5

=5.0

—7.5

-10.0 T T T T T T T T
28 3.0 32 34 36 38 40 4.2
Voltage(V)

Figure 2.3. Data from cycle 1 after removing noise and spikes in data.

2.2.2 Peak Fitting

After eliminating the noise, a Savitzky—Golay filter® was applied to the clean data in order to
achieve smooth data with clear peaks. A Savitzky—Golay filter is a digital filter that is often used
for increasing the precision of the data without deforming the data tendency. Specifically, this filter
is performing a process known as convolution, which fits consecutive sub-sets of adjacent data
points. Those data points are fitted by the linear least squares method with low-degree polynomial,

which is 3 in this analysis. Figure 2.4 shows the data after applying the Savitzky—Golay filter.
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Smooth Data of Cycle 1

10.0

7.5

5.0

2.5+

0.0

dQ/dV (Ah/V)

—2.5

=5.0

—7.5 -

-10.0 T T T T T T T T
28 3.0 32 34 36 38 4.0 42
Voltage(V)

Figure 2.4. Smooth data after applying Savitzky—Golay filter on cycle 1.

The peakutils package is then applied to the charge and discharge cycle data to locate the
peaks in these individual plots. Peakutils is a package that provides functions related to the
detection of peaks on 1-dimensional data, including locating the indexes of peaks, estimating
baselines, and performing Gaussian fits. Figure 2.5 shows the peak location of both a charge and

discharge cycle.

Peak Location of Cycle 1

dQ/dV (Ah/V)

T T T T T T T T
28 3.0 32 34 36 38 40 42
Voltage(V)

Figure 2.5. Peak locations identified for cycle 1.

Once the peaks are located, Imfit is applied to both the charge and discharge cycle data to

generate models that fit the peaks. To elaborate, Imfit is an open-source fitting platform using a
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Levenberg-Marquart algorithm, which is used to solve non-linear least squares problems, with
numerically calculated derivatives. In this analysis, a mixture of Pseudo-Voigt distributions with
a 4" degree polynomial background is fitted to the peak. The Pseudo-Voigt distribution has the

following form:

f(X) = i3=0 éixi + 27=1fvj (x'A"ﬁj' 6-]'&]) (21)
oy = 0/V2In2 (2.2)

where f(x) is the function that fits the peaks, A is the amplitude of the peak, u is the center of the
distribution, o and « are the fractions of Lorentzian character, and n is the number of peaks
determined by the peak fitting function peak_finder, which is imported from the peakutils package.

Based on the peak located by the peak_finder function, Imfit package creates a 4™ order
polynomial fitting for the smoothed dataset. It begins by setting polynomial parameters based on
a guess of a polynomial fit to the data with no peaks, which is shown as the “Initial Model” in
Figure 2.6, and iterates over all peak indices until it reaches the best fitting model, which is shown

as the “Fitted Model” in Figure 2.6.

(a)

—— Raw Data
Initial Model

(%]

E=y

w

dQ/dVv (Ah/V)
dQ/dVv (Ah/V)
N

~

-

38 40 a2 275 3.00 325 350 375 400 425
Voltage(V) Voltage(V)

Figure 2.6. Peak fits of the (a) charge cycle 1 (b) discharge cycle 1, with the data (red), initial
model (dotted), and fitted model (blue).
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2.2.3 Descriptor Generation

Once the model is finished, the generated model is processed to generate a dictionary that stores

the information of the peaks, including coefficients of the fitting curve, error parameters, the height

of peak (dQ/dV), the location of peak (V), and the standard deviation of the peak (o). Then, it

iterates this process to store the information, including the heights and the locations, of all the

peaks, and label all the peaks along with their corresponding clean cycle data, which is shown in

Table 2.7.
Table 2-7. Descriptors of charge cycle 1
Height of peak (dQ/dV) 3.5463 6.43033 2.5843
Location of peak (V) 3.7958 3.9020 4.0079

Finally, the heights and locations of the peaks over a range of cycle numbers can be plotted.

For example, the peak locations and heights of the charge cycle in Figure 2.7 and the 2.8,

respectively.
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Figure 2.7. The peak locations of the charge cycle over a range of cycle numbers.
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Figure 2.8 The peak heights of the charge cycle over a range of cycle numbers.

2.3 MODEL AND DOCUMENTATIONS

2.3.1 User Interface

To visualize this analysis, an interface has been set up for the user easily see the process of
cleaning, peak fitting and obtaining descriptors. This is a DASH-based visualization application
(app) that can be used as the user interface. Users can upload raw cycling data, either collected
through a MACCOR or an Arbin cycler. The app will then process the data and add a few files to
the database, including the raw data, the clean data, and the peak descriptors for every cycle. The
app also allows users to scroll through cycles and better understand the differential capacity curves.
Additionally, there is a section to evaluate the fit of the gaussian baseline and tailor the peak finding
process. The user can also download the peak descriptors using the "Download CSV" file button

in the app. Figure 2.9 is the preview of the user interface.
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Figure 2.9. A preview of the user interface.

2.3.2 Documentations and Demonstrations

In addition to developing users visualize the work of this analysis, additional documentations have
also been established to help users understand the code more easily. In the “Data-Science-
Approaches-for-Total-Differential-Capacity-Plot-Analysis” repository on GitHub

(https://github.com/cwh32/Data-Science-Approaches-for-Total-Differential-Capacity-Analysis),

both the essential Python files and the user interface have been uploaded. In addition, some Jupyter
notebooks have been set up as the documentations, which detail the applications of all the functions
as well as clarify the required inputs for the users. As an example shown in Figure 2.10, the
definition of the “drop 0 dv” function is explained, and followed by the clarification of the input
variables. By documenting all the functions in this code, we aim to help users to understand how

each function works to make this code as accessible as possible.
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6. drop_@_dv(cycle_df_dv, threshl, thresh2, datatype)

Thie function drops rows where dvV=0 (or about 0) in a dataframe that has already had dv calculated. Then recalculates dV and
calculates dQ/dV.

inputs:

» cycle_df_dv = a dataframe with a dQ/dV column of a certain cycle after excuting function calc_dq_dgdv
» thresh1 = the start voltage of the range to exclude from the data, 4.17

» thresh2 = the end voltage of the range to exclude from the data, 4.25

» datatype = either "CALCE' or ' MACCOR'

Figure 2.10. An example of the documentation, describing the purpose of the function as well as

the relevant inputs.

In addition to the documentations of the code, tutorials have been set up within Jupyter
notebooks to illustrate how to use each function to process the data step-by-step. These notebooks
demonstrate each of the process, ranging from importing the raw data from the database to
generating the descriptors for the peaks. With these documentations and tutorials, the accessibility

of the automated differential capacity analysis has been improved.

2.4 FUTURE DIRECTIONS

There are a number of areas where our quantitative total differential capacity analysis tool could
be improved. First of all, there is room to generalize the input data more, so that more types of
batteries can be used. Currently, this analysis is restricted to a specific format, with specific column
headers. Users can only upload the data either collected through MACCOR or Arbin cycler; files
that are not in these two formats cannot be processed through this analysis. Therefore, the code
can be rewritten to recognize the needed information and extract it from the input data in any kind
of format, for example, using the voltage data. Consequently, with the adjustment proposed above,
users could upload the input data of more different types of battery cyclers.

Second, sometimes the peak_finder package is too sensitive in peak locating, which means

that it labels a peak where is not a peak. This issue can be addressed by adjusting the parameters
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in the peak finder function. However, this adjustment is still manual currently, which may
decrease the accuracy of the peak_finder function. Therefore, if a model can be set up to evaluate
the accuracy of peak locating automatically, then there will no need for the user to adjust the
parameters by themselves.

For the documentation and the demonstrations part, more commenting can be added to help
users familiarize themselves with the codes, especially for uses who are not familiar with Python
programming. With those changes and adjustment mentioned above, this differential capacity plot
analysis along with the corresponding documentation and demonstration can be a more powerful,

standardized, and accessible tool in battery cycling data analysis.
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Chapter 3. GITT METHOD FOR DETERMINING DIFFUSION
COEFFICIENTS DURING PHASE TRANSFORMATIONS

The work presented in this chapter is the result of a collaborative project with Dr. Grant
Williamson® from the Holmberg lab. Grant has provided the GITT data of Na;Sh, and we worked
closely together to study the electrochemistry and extract the thermodynamic and Kinetic
parameters of the electrode materials.

The data included in this chapter is intended to be published in a peer reviewed journal by “Grant

Williamson et al. 26 and is subject to their license restrictions.

3.1 GALVANOSTATIC INTERMITTENT TITRATION TECHNIQUE

As mentioned in the introduction section, the focus of this study is on developing methods to
calculate the diffusion coefficients for electrode materials that undergo both a chemical
transformation during cycling as well as a significant volume expansion during phase
transformation. In order to extract these parameters, this required the determination of moving
boundary conditions and the solving PDEs. As a result, this chapter will cover those calculations

in detail.

3.1.1 Kinetics during Phase Transformation

In the mixed control phase transformation theory4, the concentration profile and the diffusion
coefficients can be determined by solving the set of PDEs from Fick’s 2" Law®%%* with a moving
interface boundary condition. The theoretical concentration profile of the sodium-ion during the
discharge process is shown in Figure 1.9b. The boundary between o (working-ion-poor phase) and
/S (working-ion-rich phase) phases is moving to the position x;i corresponding to the composition

of the working ion in the electrode. With the mixed control phase-transformation theory, the
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concentration profile of working-ion in both « and g phases, and corresponding initial and
boundary conditions can be expressed as follows,

In the a phase

9Cy, 9%C,
> = Da(52) 3.1)
C,=C0 t=0 (3.2)
aCq _
—2=0 x=0,t20 (3.3)
In the S phase
ac a%c
—£ = Dp(5) (34)
Cg=C3 t=0 (3.5)
CGg=C; x=1L (3.6)

where C, and Cg are the concentration profiles of the working-ion in « and  phases respectively,
D, and Dy are the diffusion coefficients of the working-ion in a and 4 phases respectively, Cg and
C[? are the initial concentrations of working ion in a and g phase respectively, Cz is the
concentration at the end of  phase. By solving the PDEs above, the concentration profile in the o
and g phase can be obtained, and hence, the corresponding diffusion coefficients can be
determined. However, along with the boundary and the initial conditions above, it still requires the
boundary conditions on the interface for both « and  phase. Therefore, the following sections will

illustrate how to determine the position and the concentration on the interface.

3.1.2 Chemical and Mechanical Driving Forces on the Interface

In order to take the moving boundary into account, the driving forces on the interface®>-° needed
to be considered. The driving force G®%° can be expressed as follow,

AG = AGepem + DGaecom + AGin: (3-7)
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where AG p.m IS the chemical driving force, AG,.com 1S the accommodation energy, and AG,,; IS
the interface energy’®’*, which can be neglected due to the assumption of planar interface in this
study.

In the phase transformation process, the sodiation and the desodiation reactions can be

expressed as follows,

sodiation

Na,Sb + (z—y)Na* + (z—y)e” —— Na,Sh (3.8)
+ _ desodiation

Na,Sb + (z—y)Na* + (z—y)e” «——— Na,Sh (3.9)

where y is the composition of the sodium-ion in Na, Sb, and z is the mole fraction of sodium-ion
in the B phase.

During the sodiation process, the molar chemical driving force AG ;.. Can be determined
by the summation of the difference of the chemical potentials between o and g phase, which is
shown as follows,

AGenem = 2( i = Hivar) + (1= D) (- = G- (3.10)
due to the higher mobility of sodium ions, and the assumption of the extremely thin interface, the
chemical potential of the sodium ions between « and 8 phase can be expressed as follow,

Hiiar = Hygs (3.11)
which means that the chemical potential across the interface is continuous, leading to the
assumption of a relationship between the concentration of sodium-ion in the « and /5 phase on the
interface.”? To elaborate, this relationship between these two concentrations can be obtained by
extrapolating the equilibrium potential lines, and the actual interfacial sodium-ion concentration

of « and f phase (C., and C[f,) can be determined by the intersection of the equilibrium potential

line and GITT potential data in o and S phase. From Figure 3.1(a)"3, the sodium ion concentration
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on the moving interface of « and £ phase (C} and C/§) is obtained by the intersection of the

equilibrium potential of the o/f interface during discharge with a-b and c-d lines.

(a) (b)
14
charge  —— E = -41839-5 40803 | CPVEC
dischuge — 12 : T discharge
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N N b, E = 203402 4 20675
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Figure 3.1. A potential vs. composition isotherm from (a) theory, with charge (blue) and discharge
(red) cycles and (b) GITT data, with charge (orange) and discharge (blue) cycles. The dotted line

represents the isotherm associated with the equilibrium potential.
On the other hand, the chemical potentials of antimony ion at the interface are not the same,
which means that ug,s- # ufb3_, leading to drive the « phase lattice to transform to the f phase

lattice. In order to determine the chemical potential at the interface AG), the Nernst equation is

applied here,
AGY = —(z — y)FE} (3.12)
_ %
z= (3.13)
Ch
Y= (3.14)

where z is the mole fraction of sodium-ion in g phase, y is the mole fraction of sodium ion in o
phase, C,., 1S the maximum concentration of sodium ion in this system, which is the reciprocal
to the molar volume of sodium antimonide. Likewise, the Gibbs free-energy change for the

sodiation reaction (equation 3.8) can be determined as follows,
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Cp—C§

AGog = — FE,, (3.15)
(i)

where E,, is the theoretical potential (strain-free), C; and Cg are the theoretical sodium-ion

max

solubility in the o and S phase corresponding to E,,. Therefore, by determining the difference
between the chemical potential at the interface AG and the Gibbs free-energy change for the

sodiation reaction AG,,, the chemical driving force AG ., can be expressed as follows,

S = (3 pes- (L5,

In order to determine the accommaodation energy AG,..om, the elastic-plastic strain during
the phase-transformation process needs to be considered. Because of the elastic-plastic strain, the
o and S phases will be equilibrium at a lower equilibrium potential E}, instead of the equilibrium
potential E,, to balance the strain-induced accommodation energy. In the same manner, the

accommodation energy AG,..om Can also be calculated by the difference of the chemical free

energy,

cé—cé cle-cle ,
AGgccom = ( £ )FEeq - ( £ )FEclie (3.17)

Cmax max

where C%¢ and C;;e are the equilibrium interfacial sodium ion concentration in the o and f phases

corresponding to E’,, and EJ, is the actual equilibrium potential of the electrode during the
discharge process, which can be obtained from the GITT data. Because the accommodation energy
will accumulate along the x direction, AG,..,m Can be considered as a function of position xi, and
equation 3.17 can be expressed as follows,

C—Cq

)FEeg— () b, = rex) (3.18)

max

AGaecom = (

Therefore, the total driving force AG, can be determined by combining equation 3.16 and

Cm ax

3.18, which can be expressed as follows,
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ch-cl . cig-cle .
86y = BGonem + BGaceom = () FEy — (L2 FE, (3.19)

max max

or it can also be expressed as a function of position x;,

c;}— cL

; Cg-C§
AGy = AGepem + AGaccom = ( )FE}i - ( 5 )FEeq + f(xi) (3-20)

max max

Before the determination of the accommodation energy f(x;) in equation 3.18, the
theoretical (strain-free) equilibrium potential E,, can be approximately estimated as the average
of charge equilibrium potential E,. and discharge equilibrium potential E,,, and similarly, C7, Cg,

cl and Cée can be determined by plugging E., and E%, into equation 3.21 to 3.24.

Ca

Eeq = Ky o + by (for the a phase) (3.21)
Eeq = ks C:l’i . + b, (for the £ phase) (3.22)
El, = Ik Ci*:x + by (for the a phase) (3.23)
El, = k, % + b, (for the 8 phase) (3.24)

Subsequently, the accommodation energy can be determined by plugging those
concentrations above into equation 3.18, and the calculated accommodation energies at the
different sodium ion concentration in Figure 3.2 were fitted with a 3" order polynomial function

f(x;), which is shown as a solid line in Figure 3.2.

30



70000 accommodation energies

fitting function _

60000
flx) = 218413.95x,° — 288001.36x,° + 122230.34x; + 12466.18
50000 A
40000

30000

20000

Accommodation energies (J/mol)

10000

00 02 04 06 08 10

Sodium ion fraction x;

Figure 3.2. Discharge accommodation energies as a function of sodium ion concentration and the
corresponding fitting function.

Once the accommaodation energy is determined, it can be plugged into equation 3.20, and

therefore, the driving force on the interface can be obtained.

3.1.3 Interface Boundary Conditions Determination

In order to determine the boundary conditions of the interface, the position of the interface can
first be calculated from integrating the interface velocity. In equation 3.25, the interface velocity
can be obtained by the driving force AG, multiplied by the interface mobility M”® (m mol (J s)).

Therefore, by integrating both sides of equation 3.22, the position of the interface can be

obtained, as shown in equation 3.26 and Figure 3.3.

x;(t) = [ MAG, dt + constant (3.26)
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Figure 3.3. Profile of the (a) interface velocity, with calculated data (blue) and fitted curve (red)
and (b) interface position as a function of time.
Once the position of the interface is obtained, the next step of the calculation is to determine

the concentration information at the interface. From Figure 3.1, the actual interfacial sodium ion

concentration (C, and C;;) can be determined by the intersection of the equilibrium potential line
and GITT potential data in a and 8 phase. Therefore, €} and Cﬁi can be obtained by plugging the

actual potential of the a/f interface (E)) into equation 3.27 and 3.28, which are shown as follows:

Ca

i
Ey= k-
max

+ by (for the a phase) (3.27)

i
Cp

E(iiz kzc

max

+ b, (for the S phase) (3.28)

where k; and k, are the slopes of the solubility versus equilibrium potential lines in the o and g
single phase and b, and b, are the intercepts. Therefore, with the position of the interface between
the o and 8 phase and the corresponding concentration information, the PDEs for both C, and Cp
can be solved by the addition of a second boundary condition, which is shown in equation 3.29
and 3.30.
C, = C. x = the interface position, t > 0 (o phase) (3.29)
C, = C;; x = the interface position, t >0 (6 phase) (3.30)
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After both the initial conditions and boundary conditions of the PDEs are determined, the PDEs
can then be solved.

In addition to the boundary conditions determined above, Table 3.1 shows a summary of
the parameters used for the following PDE calculations.

Table 3-1. Parameters used for PDE calculations

Parameters
particle size (nm) 25
molar volume of NasSb (cm*/mol) 18.18 ~73.24
Cinax (Mol/cmd) 0.013888889
ki and kz -4.1839 and -2.0344
b1 and b 0.8693 and 2.0675
Interface mobility M (cm mol/(J s)) 5.57x10713
Faraday constant F (C/mol) 96500
applied current I (A) 7x10°
charge number Za 1
contact area between the electrode and electrolyte S (cm?) 1.76715

3.2 NUMERICAL METHOD THROUGH PYTHON

In order to approximate the differential terms in the PDEs®!~3, the finite difference method (FDM)
was applied. In the explicit method of the FDM, the governing equation of the PDEs, equation 3.1

and 3.4 can be approximated as follows,

a?ﬂk Ca}l (Ca}lﬂ - ZC,:]- + Ca}l—1) (331)
Bn' +1 B’} C‘37.qL - ZCBT} +Cp; 3.32
( i C j j+1 J -1

T = D.B( hZ ) ( . )

where k and h are the time and space interval, n and j are the indices for each time and space steps,

respectively.
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Figure 3.4. The idea of the explicit method of the finite difference method.

Therefore, the recurrence relation for C,, and C can be expressed in equation 3.33 to 3.36.

Coy ™ = (1= 26)Co) +€Co_y + €Calyy (3.33)
CB;,”l = (1-28)Cs" +8Cg7 + 8Cg7 (3.34)
g=20 (3.35)

Dp Xk
5= fl _ (3.36)

By solving the above PDEs with the corresponding boundary and initial conditions, the profile of

the concentration in the « and g phase C, and Cz can be determined, and the corresponding

diffusion coefficients D, and Dg can be obtained.

3.3 RESULTS AND CONCLUSION

3.3.1 Results

Figure 3.5 shows the concentration profiles of sodium ions in the a + S region over distance,

where each curve represents a different time point.
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Figure 3.5. Concentration profiles of sodium ions in the a + S region.
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Figure 3.6. Diffusion coefficients in a + 8 region.

The diffusion coefficients D, and Dg were also plotted versus the sodium ion fraction in

Na,Sh, as shown in Figure 3.6. For comparison, the diffusion coefficients calculated through the
standard GITT diffusivity model D¢+ were also plotted in Figure 3.6. Similar to the results from
other studies!?!6-2° those D calculated in the a + S region are 2-3 orders of magnitude lower
than those in the single-phase region. The results of the standard GITT diffusivity model are not
reasonable, not only because the single-phase assumption of the two-phase region is not valid, as

mentioned in the introduction, but also because the composition and structure of the a phase does
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not change after the deposition of $ phase, D, should not drop in the a + S8 region.’* As the
diffusion coefficient Dg,;r7 in the single-phase regions (0 < x; < 0.01,0.8 < x; < 1) is reliable,
the mixed control phase-transformation method can be validated*’ by the similarity between Dg;rr
in the single-phase regions and D, and D in the two phase region. In Figure 3.6, the diffusion
coefficient of the a and g single phase is about 107°-10"'*cm?/s and 10717-10"15cm? /s
respectively; and the diffusion coefficient D, and Dy in the a + f§ region is about 10715 -
10713cm?/s and 1071 -10"13cm? /s, respectively. The diffusion coefficient D, decreases
slightly through the a + £ region, which may be attributed to the gradually reduced total length of
the sodium ion diffusion as well as the increase of the actual interface sodium ion concentration
Ct, which is also a boundary condition of the PDEs. Likewise, the diffusion coefficient Dg
increases slightly through the a + £ region, which is due to the gradually increased total length of
sodium ion diffusion and the reduced concentration difference between C;; and Cg. Overall, only
one apparent diffusion coefficient profile in the two-phase region can be obtained by using the
standard GITT diffusivity model, but with the mixed control phase-transformation method,

diffusion coefficient profiles in both a and 8 phases in the two-phase region can be determined.

3.3.2 Conclusion

Phase-transformation GITT methods were developed based upon the mixed-control phase-
transformation theory, which takes chemical driving forces, mechanical driving forces, and the
kinetics associated with the moving boundary into account. By solving the PDEs in both « and 8
phase with the corresponding initial and moving boundary conditions, the concentration profiles

Cq and Cp in the two-phase region were determined. Therefore, the true diffusion coefficient in

the a and B phases were obtained and the unreasonable drop of the apparent diffusion coefficient
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in the two-phase region could be corrected. In addition, these results also validate that this novel
mixed control phase transformation model can be applied to various types of electrochemically
active alloying materials, including the LiFeP 0, system from Yujie, et al. and the Na;Sbh system

in this study.

3.4  FUTURE DIRECTIONS

As mentioned in the introduction because the method proposed above is built upon Python
programming, it can be easily extended to add a user interface. Users can then upload battery
cycling data collected through GITT, and the user interface can extract the thermodynamic and
kinetic information of the battery through performing the calculation described above.
Furthermore, there are only 5 sets of PDEs that were solved in the above method currently,
which is shown in the Figure 3.5. Therefore, by performing more sets of PDE calculations, the
accuracy of the diffusion coefficients in the two-phase region can be improved. To be more
specific, a function can be set up to perform the PDE solving automatically, and at the same time,
users can determine how many sets of PDESs they want to solve in order to avoid the long waiting
time for the computer’s calculation. In the same manner, users can also adjust the number of steps
in the finite difference method. By setting up the user interface and implementing these
adjustments, it is hoped that the user can obtain the information of the battery more precisely and

accessibly.
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