ABSTRACT

CREANGE, NICOLE CHRISTINE. Multi-length Scale Characterization of Resistance Degra-
dation in Dielectric Titanates. (Under the direction of Dr. Elizabeth Dickey).

Through the continuing miniaturization of electrical devices, capacitors are experienc-
ing higher electric fields leading to higher stress, decreased reliability, and shorter lifetimes.
With elevated temperatures and high electric fields, charged ions can migrate through the
bulk, causing resistance degradation and eventual breakdown. Resistance degradation is
characterized by a slowly increasing leakage current believed to be due to the migration of
oxygen vacancies in dielectric oxides. In order to develop capacitors with longer lifetimes
and increase reliability, a fundamental understanding of the degradation process is needed.
However, resistance degradation is a complex problem with a multitude of factors such
as temperature, oxygen vacancy concentration, contact quality, microstructure, dopants,
and background impurities that influence the degradation behavior. Therefore, to gain
understanding in this multi-length scale process, multiple characterization techniques
are used to study the macro-, micro-, and nano-scale effects occurring during resistance
degradation. In this work, impedance spectroscopy, current-voltage measurements, time-
resolved Kelvin probe force microscopy, and scanning transmission electron microscopy
are used to gain insight into the resistance degradation process in BaTiO; and SrTiO;.

Impedance spectroscopy is used to gain insight into the changes in conductivity mech-
anisms in the bulk and interface, however the data analysis of this technique can be non-
trivial. An analysis procedure is developed which uses equivalent circuit analysis and
distribution of relaxation times to select the most probable equivalent circuit models. In ad-
dition, Bayesian inference is performed on the most probable models, providing parameter
uncertainty quantification, confidence and prediction intervals. Through this procedure,
an unbiased model can be chosen for complex impedance spectra.

The degradation behavior of nominally undoped BaTiO; at various temperatures and
equilibration oxygen partial pressures is explored using highly accelerated lifetime testing.
Using the impedance spectroscopy analysis developed, the activation energy for electronic
conduction is monitored as a function of degradation time. The activation energy indi-
cates changes in bulk conductivity, consistent with ionic de-mixing occurring during the
degradation process. Scanning transmission electron microscopy images of the degraded
cathode region of BaTiO; reveal the start of defect ordering along the (110). Electron energy
loss spectroscopy correlates the presence of oxygen vacancies with a shift of the oxygen



peak of 0.3 eV, indicative of the reduction of Ti** to Ti**.

Kelvin probe force microscopy is used to study the microscopic changes in the electric
field distribution at the electrode interfaces as a function of resistance degradation in
SrTiO;. The electric field prior to degradation reveals a symmetric barrier on both Pt/SrTi;
interfaces. After degradation, a large enhancement of the anode barrier is revealed while the
cathode barrier has effectively disappeared due to the concentration of oxygen vacancies
at the cathode interface. The results shown are consistent with interfacial dominated
degradations previously seen in TiO, and also reveal the co-existence of interfacial and
bulk degradation mechanisms.

Scanning transmission electron microscopy is used to quantify any structural disor-
der in order to reveal and structure-property relationships. The quantification of high
angle angular dark field images of undegraded SrTiO; and BaTiO; are used as a base for
comparison of the ideal lattices. Ba;SmSn;Nb; O3, (BSSN) is used for the development of
a quantification method using convolutional neural networks and local neighborhood
analysis. The quantification of BSSN cation sublattices reveal correlations to the incom-
mensurate modulation commonly observed in X-ray diffraction studies. In particular, the
A2, sublattice when viewed along the [110] projection clearly shows a modulated structure
occurring every other unit cell in [001]. This method allows the quantification of more
complex and disordered structures and is applied to the degraded cathode region of BaTiO;.
Quantification reveals local regions of strain correlated to the dislocation cores created by

the presence of a high concentration of oxygen vacancies.
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Chapter

Introduction

1.1 Motivation

The level of technology has been developing rapidly for the past couple of decades and has
come to a point where our devices are out of date with the current technology within a few
years. With this rampant increase in technology, more electrical devices are being produced
and disposed of than ever before. One of the most common electrical components in
electronic devices are capacitors, where a single device can contain hundreds of capacitors.
The development of multi-layer ceramic capacitors has helped the development of smaller
and thinner devices [6]. With this trend toward thinner electronics, the requirements on
each electrical component has increased drastically, leading to quicker breakdowns and
decreased lifetimes and reliability. Reliability and long lifetimes however, are necessary to
reduce our environmental impact by reducing the amount of electrical devices in land Ils.

In addition, devices that typically operate in more extreme environments, like space, require
a higher standard of reliability and longer operation lifetimes.

Capacitors store and release electrical charge in an electrical device [6]. A standard
capacitor consists of a dielectric material between two metal electrodes, often called a
parallel plate capacitor. When a voltage is applied to the electrodes, the dielectric material
stores charge according to its dielectric permittivity and the voltage applied. The capac-
itance of a parallel plate capacitor can be determined by the relation C = A=d, where

= , olisthe dielectric permittivity, A is the electrode area, d is the distance between
electrodes, , is the relative permittivity of the dielectric, and o Is the permittivity of free
space. There are two main methods for increasing the amount of charge a capacitor can
hold: decreasing the dielectric thickness and increasing number to capacitor layers by




stacking many plate capacitors in parallel to create a multi-layer ceramic capacitor (MLCC).
Capacitor manufacturing companies will create MLCC's with hundreds of capacitor layers,
each only a few microns thick in order to increase the overall capacitance. However, such
thin dielectric layers create a higher electric eld on the dielectric material, which can lead
to electrical degradation, eventual breakdown, and a decrease in the lifetime and reliability
of the capacitor [7; 8; 9.

Commercial capacitors are made from a variety of dielectric materials including TIO 5,
SrTiO3, BaTiO;. Class | capacitors are often made from a paraelectric material and are
considered ultra-stable with the capacitance value changing very slightly with a change
in temperature. Class Il and Il capacitors are often made from BaTiO 3 and, due to the
inherent ferroelectricity in BaTiO 3, the capacitance value is less stable with a change in
temperature [9; 10; 11]. Higher grade capacitors often use precious metal electrodes (PME)
such as Au, Ag, and Pt as they are more resistant to oxidation and, in turn, the capacitor
is stable for longer operation lifetimes. The alternative to using PME is to use base metal
electrodes (BME) such as Ni, Cu, and Sn as they are much cheaper metals but are more
prone to oxidation and will decrease the lifetime of the capacitor. To decrease the level of
oxidation in BME capacitors during production, low oxygen partial pressures (pO  ,) are
used during the high temperature sintering process of the multi-layer stack [12; 13; 14].
Whereas this protects the base metal electrode from oxidizing, low pO , will lead to large
concentrations of oxygen vacancies in the dielectric. The increase in oxygen vacancies will
increase the conductivity of the dielectric, decrease the relative permittivity thus decreasing
the capacitance of the capacitor. Companies will often use a second oxidation step at slightly
elevated temperatures at a higher pO , in order to introduce some oxygen back into the
dielectric but there will still be some concentration of oxygen vacancies in the dielectric.

The need for more reliable and longer lifetime devices extends to both commercial and
government grade capacitors as they are both susceptible to resistance degradation. By
understanding the fundamentals of the degradation process, we can engineer materials that
are more resistant to degradation. This dissertation focuses on the degradation process in
undoped BaTiO 5 and SrTiO5 single crystals with Pt electrodes in order to reduce the number
of variables affecting the degradation process. In particular, the metal /dielectric interface
was a key focus of this work in addition to studying the bulk behavior. Quantitative methods
were developed for analyzing impedance spectroscopy and scanning transmission electron
microscopy data, while further analysis of the interface was studied with kelvin probe force
microscopy. This work was in part funded by the Air Force Of ce of Scienti c Research
and the National Science Foundation Research Traineeship (NRT) at North Carolina State



University (Data-Enabled Science and Engineering of Atomic Structure (SEAS)).



The organization of this thesis is as follows:

« Therest of Chapter 1 summarizes background information used throughout this work.
Dielectrics and capacitors will be introduced followed by the background concepts
of defect chemistry and resistance degradation. Finally a brief overview of Bayesian
statistics will be discussed.

» Chapter 2 provides the experimental details of the characterization techniques used
in this dissertation: impedance spectroscopy, electrical characterization, kelvin probe
force microscopy, and scanning transmission electron microscopy.

» Chapter 3 derives the combined analysis technique developed for impedance spec-
troscopy. An overview of previous analysis techniques will be discussed and the
development of an open source analysis code, dual-ECQUIS, will be provided.

e Chapter 4 details the method development for an analysis process to identify and clas-
sify atom columns in scanning transmission electron microscopy images. A current
method of cross correlation to a 2D Gaussian and matrix representation is introduced
and applied to SrTiO ; and BaTiO 5. The alternative method of using a convolutional
neural network and local neighborhood analysis is then developed on a tetragonal
tungsten bronze system and extended to a defective region of a degraded BaTiO 4
cathode.

» Chapter 5 investigates the resistance degradation process in BaTiO ; at various oxygen
partial pressures, temperatures, and voltages. Activation energies are extracted via
application of dual-ECQUIS analysis.

» Chapter 6 investigates the electric eld distribution at the metal-dielectric interface
as a function of resistance degradation. The use of kelvin probe force microscopy
reveals the changes in electric eld strength in nominally undoped SrTiO .

» Chapter 7 discusses the conclusions of each chapter and directions for future work.

1.2 Dielectrics and Capacitors

Materials are typically classi ed by the size of their band gap, with metals having no band
gap, semiconductors having a small band gap ( < 3 eV), and insulators having a large band
gap (> 3 eV). Dielectrics are insulators in which when placed in an electric eld are able



to be polarized and store charge. Based on the symmetry and structure, the properties
of dielectrics can be vastly different from each other. There are 32 point groups, each
de ned by a speci ¢ set of symmetry operators, 11 of which are centrosymmetric while
the other 21 are non-centrosymmetric. Within the non-centrosymmetric point groups, 20
are piezoelectric, meaning they have the ability to be polarized when a stress is applied.
The amount of dielectric displacement, D, in a piezoelectric material is de ned by the
permittivity, ", electric eld, E, strain, ,and piezoelectric stress constant, e, given by

D="E+e . (1.1)

A further classi cation can be made if the materials has a spontaneous polarization that is a
function of temperature. Ten point groups t this criterion and have a polarization change
when the temperature is changed and are thus aptly named pyroelectrics. A summary of the
classi cation of each space group can be seen in Figure 1.1 and further discussion about
pyroelectricity can be found in Appendix A.

When two equal and opposite charges, (, are separated by a distance, r, an electric
dipole is created, de ned by the dipole moment 4 =q r.Thedipole moment of a material

Figure 1.1: Divisions of the 32 point groups.



is related to its permittivity, ="’4 i" * which can be viewed as the variable responsible
for determining how polarizable a material is. The complex permittivity is related to the
conductivity of the material and can be written as

=" = g L2)

where is the conductivity and ! isthe frequency at which the conductivity measurement
was performed. The imaginary part of permittivity is the loss of the material and will
decrease the total permittivity effectively reducing the overall capacitance, given C ="A=d.
Materials chosen for capacitor applications are typically designed to maximize the real
permittivity while simultaneously decreasing the loss.

There are four polarization mechanisms that can contribute to the permittivity value:
space charge polarizations, dipoles, ionic polarizations, and electronic polarizations  [1].
Each of these mechanisms are strongly frequency dependent, however only the space
charge polarization and dipoles are temperature dependent  [1]. Due to the fact that charges
have mass, and therefore inertia, the response to an electric eld does not occur instanta-
neously but rather like a matrix of springs. Thus charges have a resonant frequency [1]. By
applying an AC voltage, the resonance frequency of each polarization mechanism can be
distinguished, with space charge polarization resonating at lower frequencies followed by
dipoles, ionic, and nally electronic polarization, as seen in Figure 1.2, adapted from [1].

Stronium titante (SrTiO 3) and barium titante (BaTiO ;) are typical paraelectrics and
ferroelectrics, respectively, at room temperature. They both have a perovskite structure in
the form ABX 3, with Sr/ Ba in the unit cell corners (A), Ti in the body center (B), and O on
the face centers, as seen in Figure 1.3. SrTiOy is a paraelectric at room temperature with
a cubic structure with a lattice parameter of 3.945 A [15]. BaTiO; is a ferroelectric at room
temperature with a tetragonal cubic structure with lattice parameters: a=3.992 Aandc=
4.036 A, a Curie temperature at 120 C and a transition to rhomohedral at7  C[15]. SrTiO;
and BaTiO 5 are common capacitor materials due to there relatively high permittivity values,
with values of about 300 for SrTiO 5 and values ranging between 1,200 and 10,000 for BaTiO 5.
Due to their high permittivities, both BaTiO 5 and SrTiO; are commonly used as capacitor
materials.

To further increase the permittivity, the conductivity can be controlled in order to de-
crease the loss. The major methods of conductivity control in capacitors includes: chemical
design, interfacial design, and microstructure design. The easiest method is to change
the microstructure of the capacitor by creating a poly-crystalline material. This method



Figure 1.2: Schematic overview of the real and imaginary parts of permittivity for the four
polarization mechanisms with respect to frequency. Adapted from  [1].

increases the number of grain boundaries which will impede the migration of ionic species,
which if left uninhibited, would lead to dielectric breakdown. Chemical design involves
controlling the defect chemistry of the material to lower the conductivity to a minima. De-
fect chemistry can be changed using dopants and high temperature anneals in controlled
atmospheres. By controlling the concentration of mobile charge carriers, the conductivity
of the dielectric can be minimized. Finally, the interface between the dielectric and metal
contact and be engineered to form a Schottky barrier, limiting charge injection and further
decreasing the resulting conductivity and loss.



Figure 1.3: Unit cell of a perovskite, ABX 5, where the A sites are marked as green, B sites as
blue, and X sites as red.

1.3 Defect Chemistry

Imperfections exist in every material but serve very different functions depending on if they
are wanted, as dopants, or not, as impurities or defects. Defects can appear as 1D point
defects (vacancies, interstitials), 2D line defects (dislocations), or 3D plane defects (grain
boundaries, phase boundaries). The Gibbs free energyisgivenby G= H T S,whereH
and S are the enthalpy and entropy of the system, respectively, and the relations between all
three can be seenin Figure 1.4. The more disorder there is in a system, the higher the entropy
and therefore, the free energy will be lower. Point defects are prevalent at every temperature
above OK in order to reduce the free energy of a system by increasing the entropy. They
can arise in the form of vacancies, interstitials, substitutions, or in combinations such as
Schottky and Frenkel defects. A Schottky defect is an intrinsic defect that occurs when an
anion and cation both form vacancies within the lattice and repopulate at the surface in
order to retain site and charge balance. A Frenkel defect is very similar to a Schottky defect
however, it consists of a cation or anion (though usually cation) forming a vacancy and
interstitial. Examples of both types can be seen in Figure 1.4(b) and (c).

Ceramics are ionically bonded and thus must remain charge and site neutral. In order
to treat point defects clearly and accurately, the Krdger-Vink notation is used, developed by
F. Kroger and H. Vink [16]. In this notation, each site is represented by: a base indicated by
the current atom on that site, a subscript denoting the atom site with respect to a perfect
lattice, and a superscript denoting the net charge with respect to the ideal lattice site. The
superscript will be either a * for neutral, ° for net negative charge, or for net positive



Figure 1.4: (a) Relations of Gibbs free energy, entropy, and enthalpy as a function of defect
concentration. (b) Diagram of a Schottky defect and (c) Frenkel defect.

charge with the number of dots or dashes representing the full charge, for example: o

would indicate a net -3 charge on that site. Vacancies are represented by V on the base and
interstitials are represented by an i as the subscript. For example, in NaCl, a Na atom sitting
on a Na site would be denoted as N aga, a Na vacancy would be: VNOa

Intrinsic point defect concentrations are dependent on temperature, pressure, oxygen
activity, and background impurity concentrations. While it is very dif cult to control the
background impurity concentrations, we are able to control the temperature, pressure, and
oxygen activity of a material fairly easily allowing control over the intrinsic defect chemistry.
Defect reactions can be de ned for a system in equilibrium and used to nd the equilibrium
defect concentrations in an ionic material. Reactions must remain site, mass, and charge
balanced. For the case of BaTiO 5, the following defect reactions can be considered:

null $ n'+p (1.3)

or$ %p02+vo +2n’ (1.4)

null $ 3V, +V,. +V,. (1.5)

2V, 1+[D Ip =2[Vy ]+ 4V, J+[AT+n". (1.6)

Here Ais a generic singly ionized acceptor and D is a generic singly ionized donor. Brouwer
diagrams use defect reactions at a de ned temperature to nd the relation between oxygen



partial pressure and defect concentrations. They are valid when used in the Canonical
ensemble, meaning the total number of particles, volume, and temperature are all kept
constant. To solve for the defect concentrations, equilibrium constants can be de ned for
each equation using the products and reactants of each equation in the form

_[CrDY*

" [ARBP &9

for the generic reaction aA+bB=cC+dD,wherea, b, c,d areintegers. The equilibrium
constants can also be de ned by the entropy and enthalpy as

INKeq=( S=R) ( H=RT), (1.8)

where Sisthe change in entropy, H isthe change in enthalpy, and R is the ideal gas
constant. Methods to measure the entropy and enthalpy include via thermoelectric power,
electrical conductivity, and thermogravimetry, as has been done for TiO , [17; 18; 19]. An-
other method includes measuring the conductivity as a function of temperature to derive

an analytical equation for each equilibrium constant, as has been done for BaTiO  ;[2]. From
Figure 1.5, adapted from Notownty et al., we can see how the slope of the conductivity
changes with oxygen partial pressure. This provides insight into which defect reactions are
dominant in a given oxygen partial pressure range and where the material switches from
n-type to p-type conductivity. To calculate the defect concentrations at lower temperatures,

a quenching procedure is performed in which the total concentration of ionic species is
held constant while the electronic states are allowed to change.

Another method for calculating defect concentrations as a function of oxygen patrtial
pressure involves using rst principle calculations. This method can be employed using
density functional theory (DFT) and is substantially more computationally intensive than
solving analytical models. The use of DFT to compute the defect chemistry can be im-
mensely bene cial, as the effects of background impurities can be accounted for directly.
Background impurities can have a large effect on the electrical properties of a material,
as is the case in SrTiO; and BaTiO4 [20; 21]. The intrinsic defect concentrations at an ele-
vated temperature and at the low temperature quenched state for undoped BaTiO 5 can be
seen in Figure 1.6(a) ( gures courtesy of Jonathon Baker, calculated via DFT rst principle
calculations). Adding an acceptor background concentration of 1x10 ° cm?® of Al, seenin
Figure 1.6(b), changes the defect chemistry signi cantly, shifting the n-p transition to lower
oxygen partial pressures. By understanding the effect of different dopants, accurate defect
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Figure 1.5: Conductivity of BaTiO 5 vs oxygen partial pressure. Adapted from [2]

concentrations can be calculated, allowing more accurate control of the total conductivity.

In this work, defect diagrams are used to de ne the oxygen partial pressure needed for
equilibration to a target oxygen vacancy concentration. During resistance degradation, as
the concentration of oxygen vacancies no long remains homogeneous, the defect diagram
can be used to correlate the regions of various conductivity, due to the ionic-demixing of
oxygen vacancies, to an effective oxygen partial pressure and oxygen vacancy concentration.
While an effective oxygen partial pressure can be found via defect diagrams to describe the
bulk effects during resistance degradation, the effect of the interface barrier and contact
also contribute to the overall behavior of the degradation.

1.4 Interfacial Effects on Metal-Dielectric Interfaces

Nearly every functional material is made from the junction of two different materials,
whether that junction is made from a metal to a dielectric or an n-type semiconductor
to a p-type semiconductor. The electrical behavior of the junction is dependant on the
work functions, band gaps, and Fermi level of the two materials. The metal-dielectric-
metal junction is necessary for capacitors, as there needs to be some sort of conducting
material to form a full electrical circuit. The barrier formed at the interfaces determines the
amount of charge that can enter the dielectric and if any ionic carriers can enter or leave

11



Figure 1.6: (a) Defect chemistry for pure barium titanate at high temperature (left) and
low temperature (right) after quenching and (b) defect chemistry for barium titanate with

a background Al impurity concentration of 1x10 ° cm? at high temperature (left) and low
temperature (right) after quenching.

the dielectric. A common approach to understand the interfacial barrier is to construct

an energy band diagram. First the vacuum level, E,,., work function, , Fermi level, Eg,
conduction, E;, and valence, E,, band levels of the metal and the dielectric are identi ed
individually, as seen in Figure 1.7(a). Upon the formation of a junction between the metal

and dielectric in thermal equilibrium, the metal conduction band and the dielectric Fermi

level are aligned, as seen in Figure 1.7(b). The dielectric vacuum level is then curved toward
the direction of the metal vacuum level and the dielectric conduction and valence band
follow the curvature of the vacuum level. A schottky barrier, sh» and built-in potential, bi s
are formed at the interface by the bending of the conduction and valence bands, creating

an energy barrier charge carriers must overcome. Depending on where the Fermi level is
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located in the dielectric, the junction can be an electronically blocking or allow the ow

of electronic carriers. When the Fermi level is close to the conduction band, making the
material n-type, and the Fermi level is below that of the metal work function, the contact
will form a Schottky barrier, thus blocking electron conduction. Alternatively, if the Fermi
level is closer to the valence band, as is the case for a p-type material, and the Fermi level is
above that of the metal's work function, the barrier will be blocking to hole conduction. On
the other hand, an ohmic contact will have the Fermi-level close to the work function of
the metal, creating a very low or no barrier. The depletion width, X4, is the distance from
the interface over which the band bending occurs. The shape of the bands will change with
the application of an external bias. To see the effect of bias on the junction, consider an
electron barrier as seen in Figure 1.7(b). In order to draw simpli ed band diagrams, only the
highest partially empty band and lowest partially lled band are considered. Furthermore,

it is assumed that there are no states within the band gap. Under forward bias, the high
potential (positive bias) is applied to the metal causing more electron to accumulate at
the interface effectively lowering the barrier height and decreasing the depletion width, as
seen in Figure 1.7(c). Under reverse bias, the high potential is applied to the dielectric and
electrons are swept away from the interfacial region, therefore increasing the barrier height
and increasing the depletion width, as seen in Figure 1.7(d).

At an interface with a barrier, the current across the junction is primarily due to the
majority charge carriers. There are three different conduction mechanisms that could occur:
carrier diffusion from the dielectric to the metal, thermionic emission, and tunnelling. For
diffusion of carriers to occur, it is assumed that the driving force is due to the density
gradient in the depletion layer, which drives carriers into the metal, and that the depletion
width is larger than the mean free path. Thermionic emission assumes that electrons with

Figure 1.7: Energy band diagrams for a metal and n-type semiconductor at (a) separation,
(b) a junction at thermal equilibrium, (c) a junction under forward bias, and (d) a junction
under reverse bias.
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an energy larger than the barrier will conduct into the metal and that the depletion width
is smaller than the mean free path [22]. This form of conduction only relies on the height of
the barrier and does not depend on the shape or the depletion width of the barrier. The
current density, J, due to thermionic emission is driven by the thermal energy of electrons
and is de ned as

J=AT% w (1.9)
Here ¢}, isthe schottky barrier height, q isthe charge of an electron, T is the temperature,
k is Boltzmann's constantand A is the Richardson constant de ned as

4 gm k?
NEELES

mem— (1.10)

given the effective mass of an electron ( m ) and Planck's constant ( h) [22]. The nal elec-
tronic conduction mechanism is tunnelling. Since electrons can be represented by a wave-
function, there is a non-zero probability that electrons with an energy lower than the barrier

will tunnel through the barrier and conduct. The tunnelling probability is given by the

Schrédinger equation
d 2
dx2
where is the wavefunction and U (x) is the barrier [22].

2m
+?[E U(x) =0, (2.11)

When a negative charge is near the interface of a metal, an equal positive charge is
induced on the metal in order to keep the system charge balanced. This positive charge in
the metal is often called an image charge and can cause a lowering of the schottky barrier
in the dielectric. The force felt by the separation of these charges is de ned as

F=—— (1.12)

where "¢ is the dielectric relative permittivity and  x is the distance between the metal and
the negative charge in the dielectric. With the application of an external electric eld, E,
the potential energy ( U) of the system is de ned as

2

U =
x) 16" (X

qjEjx, (1.13)

and has a maximum value at some distance, x [22]. The schottky barrier lowering, , and
location of the lowering can by found by computing the rst derivative of Equation 1.13
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and result in the relations 1o
Xy = — (1.14)
16" (JEj

¢ e 12
E
= A5 i, (1.15)
4"

While these relations can be quite effective for quantitative analysis, the electric eld in a
real material is not constant with distance. To account for this, the depletion approximation
can be made, where the charge is assumed to be distributed throughout in the depletion
region. Thus the eld in the depletion region is assumed to be constant and is de ned as

Vv
U 2N, . +V,
Epax = Jliél—ﬁ, (1.16)

S

where Vj is the reverse bias voltage [22].

The electrode can also be blocking to ionic charges. In the case of SITiO ; and BaTiOg,
it is often assumed that the only mobile ionic charge carrier at moderate temperatures
are oxygen vacancies. The total conductivity of a solid is determined from the partial
conductivities of the ionic charge carriers and the electronic carriers and takes the form

X
total — ArILeF (1.17)

where |, z,,and [k] are the mobility, charge of species, and concentration of each conduct-
ing species. The current density is then given by the sum of each species current density,
which each can be written according to the general transport law
_drift diff _ (k] .

=3 +J = E zgD — k = ion,elec, (1.18)
where D is the ambipolar diffusion coef cient  [23]. There are three main cases of ionic
exchange with the atmosphere and the metal-dielectric system which is under dc bias:
two fully blocking electrodes, two fully open electrodes, and one blocking electrode. In the

case of two fully ionically blocking electrodes, at a steady state, the total current density of
oxygen vacancies, J,, will be zero and can be related to the concentration gradient as

Vol _ wE

X 2qD '

(1.19)

where E is the electric eld due to the applied dc biasand D is the diffusion coef cient
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[23]. The total concentration of oxygen vacancies is conserved in this case however, the
distribution of the concentration is non-uniform, with a higher concentration at the cathode.
The opposite case occurs when both electrodes are fully reversible. In this case, the transfer
of oxygen vacancies at the interface follows the defect reaction

%Oz(g) +2n’$ 0%s), (1.20)

where the anodic reaction occurs right to left and the cathodic reaction occurs left to right
[23]. The total concentration of oxygen vacancies will be pinned by the oxygen partial
pressure of the surrounding atmosphere. Since both electrodes allow for ionic transfer
with the atmosphere, no concentration gradient accumulates. The nal case occurs when
one electrode is partially, or fully, reversible and the other is ionically blocking. As we are
assuming a steady state condition, the current density and concentration relation also follow
Equation 1.19 however, the concentration gradient will be different. The concentration
gradient is dependent on which electrode is reversible. A reversible anode will allow oxygen
out of the dielectric, thus increasing the oxygen vacancy concentration. Whereas a reversible
cathode will allow oxygen vacancies out of the dielectric, or oxygen into the dielectric, and
effectively decrease the oxygen vacancy concentration [23].

So far we have been introduced to the background of dielectrics and ferroelectrics,
defect chemistry and high temperature atmospheric equilibration, and the consequences
of forming a metal-dielectric junction. While the topics may seem unrelated, the material
system determines the defect chemistry which is determined by the high temperature
equilibration. The established oxygen vacancy concentration will affect the total conduc-
tivity, and therefore the band bending and interface properties after the deposition of
metal electrodes. In the following section, the concepts of electrical degradation and resis-
tive switching will be discussed and the inter-connectivity of the previous topics will be
discussed.

1.5 Resistance Degradation and Resistive Switching

The thicknesses of the dielectric layers in capacitors are decreasing in order to miniaturize
devices. However, this drastically increases the electrical eld stress in the dielectric when
the device is in use. This enhanced eld stress can lead to complete failure of the device,
which can occur in a variety of ways. Thermal breakdown can occur when the current
through the dielectric becomes large enough to cause thermal runaway. Dielectric break-
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down can occur when the dielectric strength becomes smaller than the resistance of the
dielectric. Resistance degradation is characterized by an increasing leakage current under
a dc bias exposure while under thermal stress [7]. Due to the electric eld and increased
temperature, mobile ions, most commonly oxygen vacancies in perovskites, are able to
migrate through the material, creating regions of high and low resistance. At low temper-
atures, degradation may still occur, but as the migration of ions is exponentially related
to temperature, the process occurs at a substantially slower rate. There are a wide variety
of factors that can in uence the method and behavior of the degradation including: the
oxygen partial pressure, interface quality, electrode density, grain size, background impurity
concentration, humidity, and temperature just to name a few.

In ceramic capacitors, the main components that are susceptible to degradation are:
the bulk dielectric and the metal-dielectric interfaces. Bulk degradation occurs when the
regions of high resistance and low resistance are formed via defect accumulation and
cause the total conductivity to change. Studies have shown that bulk degradation can
occur through charge injection [24; 25; 26], ionic-demixing [12; 27; 28; 29; 30; 8; 31; 32],
or the formation of conductive laments  [33; 34; 35]. Interface degradation occurs due to
an enhancement, or decrease, in the Schottky barrier as discussed in Section 1.4 and is
commonly associated with charge injection. During a degradation which is dominated by
the interface, the electrodes are assumed to be ionically blocking. Thus an accumulation of
charged ionic species builds up at the cathode interface. This local increase in charge is
compensated by image charges and consequently changes the height of the barrier and
the width of the depletion region. Due to this lowered barrier and smaller depletion region,
there is a higher probability that electrons will conduct into the metal. Subsequently, the
current density of the system increases. Both bulk degradation and interfacial degradation
can occur simultaneously or independently of one another. Depending on the material
system, dopants, background impurities, and interface boundary conditions, the behavior
and mechanisms of degradation will vary. Nominally undoped TiO  , with Pt electrodes has
been shown to be dominated by interfacial degradation of the cathode Schottky barrier
[24; 25; 26]. As oxygen vacancies migrate toward the cathode, the local resistivity decreases
and the system compensates via charge injection; thus destroying the barrier at the cathode
interface. Fe-SrTiO ; with Pt electrodes has been shown to predominantly degrade the
bulk; as oxygen vacancies migrate toward the cathode, creating a region of high resistivity,
anode, and low resistivity, cathode [27; 28; 29; 30; 8; 31; 32]. Due to the long time scale of
the resistance degradation process, highly accelerated lifetime tests are often used. In this
process, high bias is applied at elevated temperatures in order to accelerate the degradation
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Figure 1.8: Flow chart for fundamental processes of electrical degradation.

process to a reasonable timescale.

The resistance degradation process shares some similarities to a form of resistive switch-
ing, in which a conductive lament is formed, or broken, by applying a positive or negative
voltage. Thus switching the material from a low resistive state to a high resistive state. The
major difference between the two is the time scale and length scale at which they occur.
Resistive switching occurs on the order of seconds / microseconds and over a very short
length scale. Whereas resistance degradation occurs on much longer time scales, on the
order of hours, and deals with long-range ionic migration. For resistive switching, often
a conductive lament is formed between the anode and cathode after the application of
a large bias and the material enters a low resistive “on” state. Upon reversal of the bias,
the lament disconnects and a high resistive “off” state is re-established. This process of

lament formation and disconnection typically happens over a very short distance and
thus can be a very fast process.

1.6 Bayesian versus Frequentist Statistics

Many techniques can be used to quantify the resistance degradation process and each has
strengths and weaknesses. One technique is electrochemical impedance spectroscopy and,
while the data collection is straight-forward, the data analysis is non-trivial. In this work,
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the quantitative nature of impedance spectroscopy analysis is developed with the addition
of Bayesian inference and model comparisons. As Bayesian inference is fairly different from
frequentist inference, a brief overview of the Bayesian framework is presented. In addition,
a short introduction is given for the algorithms used during the development of an analysis
procedure for impedance spectra.

Statistical inference is the process of inferring information about an unknown process
from observed experimental data. In parametric statistical inference, distributions can be
described by parametric relations containing a relatively small number of parameters such
as the mean and variance [36]. The goal of this type of inference is to estimate the parameters
or parameter distributions. However, the accuracy can be problematic if the assumed
functional relationship is incorrect. For non-parametric statistical inference, a functional
relationship is not assumed but, instead, one infers the parameter distributions based
only on the properties of the observed data. This avoids the issue of choosing a potentially
incorrect functional relationship; however, it willimpose additional requirements on the
algorithm used in order to determine reasonable parameter distributions.

There are two main frameworks in statistics: frequentist and Bayesian. The two differ
in the assumptions made about probabilities, models, parameters, and intervals. The fre-
guentist method is most likely familiar as it is the branch of statistics taught in introductory
statistics class. In this framework one views parameters as xed, but typically unknown,
values. Probabilities are de ned as the frequency at which an event will occur if the ex-
periment is repeated a suf ciently large number of times. For example, the probability of
getting heads from an unbiased coin converges to 50% after a suf ciently large number of
coin ips.

While probabilities are useful, con dence intervals allow one to make a statement
about the accuracy of the experiment. A 90% con dence interval in the frequentist view
is interpreted as: after some number of repeated experimentation, 90% of the observed
intervals contain the true parameter, . Thisisrepresented in Figure 1.9(a). The distribution
and credible intervals are actually a means of quantifying the accuracy and variability in
the procedure rather than the actual parameter of interest  [36]. Due to the viewpoint that
parameters are xed values, one constructs estimators, which are random variables having
associated distributions.

Bayesian statistics is named after Thomas Bayes' theorem published in 1763 which
states that we can determine the probability of an event given prior knowledge related to
the event and information provided by the experiment and model. In contrast to frequentist
statistics, parameters are assumed to be random variable having a distribution. Consider
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the statistical observation model
i=fia)+ i ,i=12.N. (1.21)

Here , are scalar values with realizations of v;, which are the set of N experimental values,
g are the unknown parameters, and ; are the random errors between the experiment and
the model. The likelihood can then be de ned as
| " ss N 2
(vig)=exp = , SS= v f(x,q) (1.22)
i

given the assumptionthat ; N (0, ?2), here v, are the realizations of the experimental
data and f (x;,q) are the model realizations given the independent variables x; with N
values, and parameters (. Bayes' theorem is a form of conditional statistics and is given by

(@jv)= R (via) o(a) (1.23)

(Vi) o(g)dq

where (qjv)is the posterior distribution,  4(q) is the prior distribution, and (vjq)isthe
likelihood [36].

The prior distribution incorporates expert knowledge about parameters or information
provided by pervious experiments. In this dissertation, at or uniform priors are employed
to specify physical bounds for the parameters. Since the assumption in Bayesian inference
is that parameters are random variables, a 90% credible interval has a 90% chance of
containing the expected parameter value, shown in Figure 1.9(b).

The Markov Chain Monte Carlo (MCMC) technique provides a strategy for determi-

Figure 1.9: (a) Frequentist 90% con dence interval and (b) 90% Bayesian credible interval
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nation of parameter values by sampling from posterior distributions [36]. A Metropolis
algorithm uses the fundamentals of Markov chains in which the next state only depends on
the current state. Candidate parameter values are chosen based on the previous parameter
values and both are evaluated and given a probability. The ratio of current to previous
probabilities are then computed and the current parameter values are accepted with prob-
ability, , given by the ratio. This process effectively probes parameter space randomly,
accepting values with greater probability distributions and rejects others. The choice of
acceptance criteria and proposal functions, such as a Gaussian distribution, can have a
major effect on the chain properties. A proposal function which is too narrow will explore
the parameter space very slowly and accept a large number of proposed values, whereas a
wide proposal function will result in a large number of rejections and can often stagnate
the chain exploration.

To include information based on the acceptance and rejection of parameter values dur-
ing the chain progression, an adaptive Metropolis algorithm must be used. One such algo-
rithm is the Delayed Rejection Adaptive Metropolis (DRAM) algorithm which is comprised
of two different concepts: the adaptive Metropolis and the delayed rejection Metropolis
[37]. The adaptive Metropolis algorithm rede nes the covariance matrix during the chain
process [38; 39]. The delayed rejection modi es the Metropolis-Hastings algorithm such
that upon rejecting a value, the proposal distribution is tightened and re-evaluated with a
new proposed value [40; 41].
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Chapter

Methods

In this section, the experimental methods used throughout this will will be described.

2.1 Establishing Initial Conditions

As previously stated, single crystal BaTiO ; and SrTiO; were the focus of study in this disserta-
tion. Single crystals of nominally undoped BaTiO 5 were purchased from SurfaceNet GmbH
(Germany), whereas single crystals of nominally undoped SrTiO 5 were purchased from
MTI (CA, USA). To prepare samples, the bulk materials were sectioned into approximately
2 mm x 2 mm x 0.5 mm sections using a diamond wafer blade. The lateral edges were then
polished using an Allied Multiprep ™ and diamond lapping Ims. Samples are mounted on
a polishing stub with CrystalBond ™ 509-3 and the temperature of the hot plate was set
to just above the melting point of the CrystalBond ™ to prevent any unnecessary phase
transitions in the BaTiO 5 single crystals. Polishing was performed in incremental steps,
starting with higher size diamond Ims (9 mor6 m)downtothe0.1 m Im (using
GreenLube™ forthel mand 0.1 m Ims). For the polishing of BaTiO 5,the3 m Im
was skipped, as it was found that the polish with this Im does not provide a nice polish.
In addition less pressure was used to prevent cracking during polishing. Care was taken
to make sure 3x the previous Im value was removed before moving onto the next Im
in order to remove the damage caused by the higher grit lapping Ims, for example after
usingthe6 m Im, atleast 18 m was taken off with the next lowest Im. Samples are
then sonicated in acetone for 10 minutes followed by isopropanol.

Samples were then placed in a Platinum crucible and annealed in an atmosphere
controlled tube furnace, shown in Figure 2.1, at 900  C for at least 16 hours. The oxygen
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Figure 2.1: Tube furnace diagram used for reducing atmosphere high temperature equili-
bration.

partial pressure was controlled using the ow rates of 99.999% Argon and a 99% Argon
1% Hydrogen forming gas. Oxygen partial was measured using a SIRO , C700+ zirconia
oxygen sensor (Ceramic Oxide Fabricators, Australia). The use of pure Argon allowed the
oxygen partial pressure to be controlled from 10? Pato 10 2 Pa as outlined in Figure 2.2(a).
In this regime of oxygen partial pressures, the oxygen vacancy concentration is on the
order of 10*® cm? and due to quenching, this concentration remains at lower temperatures.
While the background acceptor concentration is higher than that of the oxygen vacancies,

it is assumed that they are immobile and do not contribute to conduction. Given the
concentration of each charged species and their respective charge, the total conductivity
can be calculated using

total = G Ny, 1=1,2,..N. (2.1)

As the partial pressures established by the use of Ar gas are in the vicinity of the n-p tran-
sition, BaTiO ;5 in this regime is primarily an ionic conductor. Previous studies of the high
temperature conductivity of BaTiO 5 are presented in Figure 2.2(b) [42; 43; 44; 45; 46] and
coincide with the defect chemistry, showing a conductivity minimum at the p-n junction.
The use of forming gas shifts the available oxygen partial pressure rangeto 10 % Pato 10 1°
Pa. These lower oxygen partial pressures contain a higher concentration of electrons and
transitions the material to be more of an electronic conductor, as indicated by the change
in slope in the conductivity plot, shown in Figure 2.2(b).

Through controlling the ow rates of Ar and forming gas, the initial concentration of
oxygen vacancy concentration was established as described in 1.3. A quenching procedure
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Figure 2.2: (a) Defect diagrams at high temperature (left) and after quenching (right) and
(b) the expected high temperature conductivity for oxygen partial pressures attainable via
annealing in Argon gas.

to 300K “freezes” in the high temperature defect chemistry by assuming the total concen-
trations of ionic species remains constant but the electronic sates and charge states are
able to relax. In addition to establishing the defect chemistry, annealing after polishing
helps “heal” any left over damage from mechanical polishing.

After annealing and quenching, samples were cleaned via sonication in acetone followed
by isopropanol, and drying via compressed air. To isolate the regions used for electrical
contacts, Kapton tape was place on all surfaces where metal was not desired. An exposure
to UV-Ozone for 5 minutes was performed after masking to remove any surface contami-
nants. Platinum was deposited via DC magnetron sputtering in 10 mTorr of Argon at 10 W,
producing a deposition rate of approximately 40 m/min.

2.2 Impedance Spectroscopy

Electrical impedance spectroscopy (EIS) is a widely used tool for understanding the elec-
trical changes and responses of materials. In this work, impedance spectroscopy is used
to monitor the conductivity of BaTiO 5 and SrTiO; as a function of resistance degradation
time. Spectra were during temperature perturbations before and after degradation. The
determination of resistance as a function of temperature, via impedance spectroscopy, was
achieved and was used to extract activation energies.

In impedance spectroscopy, a small sinusoidal AC signal, V(! ,t)=V,sin(! t),isused
to probe the electrical resistance of a system, where ! isthe angular frequency. By keeping
the AC signal small, we can assume a small signal approximation, such that we are in a
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region of linear response and an AC version of Ohm's law is de ned as

V(L)
R( ,t)= D (2.2)

At each frequency, the current, I( ! ,t), will be somewhere between completely in and com-

pletely out of phase with the input voltage, V( ! ,t). Sweeping over a range of frequencies,
the phase shift at each frequency will be dependent on the material's electrical response.
Several material properties can effect the impedance response including partial conduc-
tivies (ionic, electronic), interface resistance, capacitance, inductance, and ionic migration.
Several of these features will have different magnitudes of capacitance due to the volume

in which each mechanism occurs. For example, the volume of an interface is signi cantly
smaller than the bulk, hence the capacitance of an interfacial layer will be larger than the
bulk since C = , ,A=d. In addition to the varying values of capacitance, the different pro-
cesses may have different conductivities and will resonate at different frequencies. Often
the majority of these processes have an associated capacitance and resistance and are
therefore represented as a resistor and capacitor connected in parallel, RC circuit, like the
red circuit seen in Figure 2.3. The most common form of plotting impedance data is to plot

the realimpedance, Z°, on the x-axis versus the negative imaginary impedance, 2™ onthe
y-axis, commonly called a Cole-Cole plot. While this plotting formalism reveals information
about the number of mechanisms occurring and how distributed they might be, there

are other ways to plot the data which highlight other aspects of the data. EIS data can be
represented in four different complex formalisms: impedance, Z =2z°+ jz " admittance,
Y =Y°+ iY ® modulus, M =M "+ iM * and permittivity, " = "0 j" * All four are related
to each other as seen in Table 2.1 and each highlight different aspects of the system. For
example, Figure 2.3 shows that different elements of each RC circuit can be dominant in a
particular formalism.Ina Z°vs Z”plotthe largest resistance is the prominent features
whereasinaf vsM 00pIot the smallest capacitance is most prominent.

2.3 Kelvin Probe Force Microscopy

Atomic force microscopy (AFM) is a surface characterization technique developed in the
early 1980s[47; 48]. This technique allows surface features on the nano- and micro-scale
to be measured by using a tip the size of one atom, attached to a cantilever. A laser is
re ected off of the top of the cantilever, onto a photodetector. A de ection of the tip then
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Table 2.1: The relation of the four formalisms of impedance, given complex impedance
where C, is the capacitance of the empty cell, ", is the permittivity of free space, A is the
area of electrical contact and d is the distance between electrodes.

Impedance  Admittance Modulus Permittivity

Z Y=7 M =jl GZ ":j!cloz
Known Values  C,= 2% 1 =2 f j="

produces a shift of the laser position from the center of the photodetector. AFM has many
measurement variations, made possible through changing the tip mode, tapping, con-
tact, non-contact, and the tip type, stiff, soft, conductive. Different methods allow the
measurement of polarization, via piezeoresponse force microscopy (PFM), current, via
conductive-Kelvin probe force microscopy (C-KPFM), and surface potential, via Kelvin
probe force microscopy (KPFM). In this section, the fundamentals of Kelvin probe force mi-
croscopy will be discussed. In addition to theory, the experimental setup for time resolved
KPFM will be presented.

Figure 2.3: Two RC circuits in series showing a) in Z' vs -Z" that the largest resistance (blue
RC) dominates the plot while b) inlog f vs M" the smallest capacitance (red RC) dominates.
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2.3.1 KPFM Fundamentals

Kelvin probe force microscopy was rstreported in 1991  [49] and is a variation of the stan-
dard AFM technique. Here a conductive tip is used to measure the surface charge of a
material. It is a non-contact mode in which the contact potential difference between the
surface and the tip is measured. During a scan, there are two trace and re-trace passes;
the rst pass is a tapping on the surface in order to measure the topography and in the
second pass, the tip is held a speci ed distance above the surface according the to sur-
face topography, vibrating according to its harmonic frequency. By applying a bias to the
conductive tip, the electrostatic force on a material surface will produce a bending of the
cantilever according to the magnitude and sign of the electrostatic force. The relation of
the electrostatic force between the surface and tip is complex and can be separated into
three responses: the DC response de ned by

1dc € 1,
=547 Ve + Vepd +§Vdc : (2.3)
the rst harmonic response as de ned by
dc € S _
F :E Viac + Vepd) VacSin t, (2.4)
and the second harmonic response de ned by
1dC
F, = ZE aZCCOSZ t. (25)

Here ‘c’,—f is the change in capacitance over the change in separation between the tip and
surface, V. is the DC voltage applied to the tip, V4 is the voltage difference between the
tip and the surface, V,. is the AC voltage applied to the tip, and is the frequency of the AC
voltage.

Equation 2.3 is dif cult to detect and thus is not used for measurement. Calculating the
capacitive coupling force, V ., is dif cult as it requires knowing the exact sample and tip
geometry along with the system properties. In KPFM, this problem is alleviated by including
a feedback loop that applied a dc bias that nulli es the resultant force F . This allows for
mapping of the surface potential, gaining information about the difference work functions
between the surface and the tip.
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Figure 2.4: Schematic of AFM tip, detector, and sample.

2.4 Transmission Electron Microscopy

2.4.1 TEM Fundamentals

A transmission electron microscope operates on very similar principles as a visible-light
microscope but uses electrons rather than light rays and magnetic lenses rather than optical
lenses. The main bene t of using electrons for imaging is the increase in resolution, as an
electron accelerated with a 200 kV bias has a wavelength of 2.5 pm as compared to the
380 nm - 700 nm wavelength of visible light. Resolution is based on the wavelength and the
Rayleigh criterion, de ned as

min ' (26)

2sin
thus the use of electrons with a 2.5 pm wavelength, provides a higher resolution than longer

wavelengths. Due to this resolution, atoms can be resolved, given the specimen is thin

enough for full transmission of the electron beam.

Since electrons are a type of ionizing radiation, when a material is hit by a electron, a
range of secondary signals are produced. While many of these signals provide chemical
information, the main signals used for diffraction and image formation are the direct
beam, elastically scattered electrons, and in-elastically scattered electrons. The transmitted
electrons will scatter at a variety of angles and the resulting image will depend heavily
on the angles used. Bright eld images are formed using the direct beam and electrons
scattered at low angles which will contain lighter mass elements like oxygen. Conversely,
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dark eld images are formed using electrons that have scattered at large angles, primarily
due to heavier elements.

Standard transmission electron microscopy uses a static parallel electron beam, as
compared to scanning transmission electron microscopy (STEM), which uses a converged
beam and rasters over the specimen. STEM imaging primarily uses elastically scattered
electrons and annular detectors, such as an annular dark- eld (ADF) detector and a high-
angle annular dark- eld detector (HAADF), shown as a simpli ed schematic in Figure 2.5.
When using HAADF-STEM, the intensity of an atom column is proportional to the elemental
mass and number of elements in that particular atom column  [50], allowing for quantitative
measurements. Signi cant advancements have been made to the technology associated
with the electron beam formation, reducing the aberrations in the beam and therefore,
vastly increasing the resolution, accuracy, and precision in the instrument. In addition, the
technology associated with the detectors has undergone signi cant advancements and now
detectors determine intensity by counting single electrons  [51; 52]. Conversely, analysis
of STEM data has also grown with increasing computational power [53] and increasing
interest in machine learning [54]. All of these advancements in technology and analysis has
evolved the use of transmission electron microscopy to a more quantitative eld.

2.4.2 TEM Sample Preparation

Since the signals used for image formation are all transmitted through the specimen, the
thickness of the sample must be very thin in order to allow the transmission of electrons.
Electron microscopy samples were prepared using two different methods: wedge mechani-
cal polishing and lift-out using a focused ion-beam (FIB). Mechanical polishing was per-
formed using an Allied Multiprep ™ and diamond lapping Ims, mounting the samples
with Crystalbond 509 mounting adhesive. Once mounted, one side was polished down to
0.01 m before ipping the sample and remounting. This ensured that both sides of the
sample would be free of major damage from previous processing. The sample was then
thinned down to a thickness of 30  m before angling the holder to begin wedging the front
edge and was continued until optical interference fringes appear. After mounting to a TEM
grid, a nal thinning was performed via Ar  * ion milling using a Fischione model 1050 ion
mill at liquid nitrogen temperatures to minimize sample damage [55]. The other method
for TEM sample prep uses a focus ion beam in a dual beam instrument, a ThermoFisher
Quanta 3D FEG. Before removing material with the ion beam, a thin layer of platinum,
about 10 nm, was deposited with the electron beam to protect the surface from any damage.
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Figure 2.5: Simpli ed schematic of a STEM column with an annular detector and bright
eld detector (not to scale). Adapted from  [3]

To protect the eventual TEM sample from damage during thinning, a thick Platinum bar,
about3 mx7 m,was deposited with the ion beam, as the Pt takes longer to remove
during ion milling thus protecting the material of interest. Material was removed on both
sides of the Pt bar in order to manipulate an Omniprobe, needed to remove the slice of
material. The slice was then attached to a grid by depositing Pt and a nal thinning occured
until the sample was electron transparent, which can be checked with the electron beam.

2.4.3 Image Collection

High resolution STEM images were collected on an aberration corrected FEI Titan 80-
300. The image formed via STEM is highly dependent on the inner semi-angle of the ADF
detector and can be controlled electronically in order to change the angles used for image
formation. Semi-angles of 60-80 mdrad are typically used for high angle annular dark- eld
(HAADF) imaging and is often referred to as Z-contrastimaging  [56]. Due to the mass of the
atom, heavier atoms, Ba, Sr, Ti, etc., will scatter at higher angles thus appearing brighter
whereas lighter elements, O, N, C, Na, etc., will scatter at shallower angles and will not
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appear as bright. By decreasing the detector semi-angle, the type of information collected
will be changed. Low angle annular dark eld (LAADF) images are typically formed using
semi-angles of 30 mrad and will provide more than just mass contrast. Due to the lower
scattering angle, information about strain and defects can be collected however, the atom
columns intensities are less intuitive than it is for HAADF. Further decrasing the detector
semi-angle to 10 mrad attains annular bright- eld (ABF) images and 0 mrad produces
bright- eld (BF) images. Since the scattering angle is very small for ABF and BF image
formation, lighter elements such as oxygen will be collected which are not visible in HAADF.
Throughout this dissertation, HAADF will be the primary imaging mode, as the structure
was the primary focus of quanti cation  [57].
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Chapter

Quanti cation of Impedance Spectra:
Analysis Method Development

3.1 Abstract

The analysis of impedance spectroscopy data can be complicated and non-trivial when
using the standard equivalent circuit analysis, as multiple circuit models can adequately
represent the data. Choosing a model for analysis is a non-standardized practice and often
lacks quantitative justi cation. In this work, we develop an analysis process in which the
distribution of relaxation times is used in conjunction with equivalent circuit modeling to
provide accurate and justi ed impedance spectroscopy modelling.

The distribution of relaxation times provides a “model-free” analysis approach, which is
used to inform the initial tting parameters for equivalent circuit modeling. Quasi-Newton
least squares minimization and Bayesian inference are used to provide a list of the most
probable equivalent circuits from a circuit model library. Circuit models are compared
using the Bayesian Information Criterion (BIC), which utilizes the provided data setsto nd
the model that most adequately represent the data without over- tting. Through the imple-
mentation of Bayesian inference, mean parameter values and uncertainties are calculated
for the most probable circuit models, which allows quantitative comparison of different
models. The calculation of credible and prediction intervals provides quanti cation of error
in the model and parameter values that is not possible with frequentist methods. Through
using this procedure, a non-biased and justi ed model can be chosen for analysis and the
data can be analyzed in both the time and frequency domain.
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3.2 Introduction

Impedance spectroscopy is commonly used to characterize the electrical response of a wide
range of materials and devices including electronic ceramics [58; 59; 60; 61; 62; 63], ionic
liquids [64; 65; 66] solar cells [67; 68; 69], and batteries [70; 71]. The majority of impedance
spectra are analyzed by one of two methods: equivalent circuit modeling or distribution of
relaxation times (DRT) analysis. Both methods have strengths and weaknesses in the analy-
sis of complex impedance data. Equivalent circuit modeling uses a combination of simple
circuit elements, including resistors, capacitors, and inductors, to model the measured
complex impedance behavior. In this analysis technique, a physical electrical circuit is used
as an approximation of the conduction mechanisms occurring in the measured system.
Resistors, capacitors, and inductors all have a characteristic response that governs the
phase offset of an input sinusoidal current and the associated impedances of each element
are given in Table 3.1. In addition to the standard ideal circuit elements, the constant phase
element (CPE) has been commonly used as a tting tool for non-ideal capacitors, where
the ideality factor n can vary from an ideal resistor, n =0, to an ideal capacitor, n = 1.

There are four formalisms of impedance that are all inter-related given by the relations
in Table 3.1. Viewing and analyzing the data in more than one formalism yields more
information than the use of just one formalism  [72]; however, most often equivalent circuit
modeling solely makes use of the complex impedance. Nevertheless, equivalent circuit
modeling can provide powerful insight into the conduction mechanisms and give values
for the associated resistances and capacitances associated with the various microstructural
features in a given system. There are several available programs for equivalent circuit
modeling including ZView [73] and EIS Analyzer [74]; however, the selection of an equivalent
circuit must be chosen prior to tting.

A common practice for deciding on an equivalent circuit model involves using a circuit
that makes physical sense with what is expected from the system under study, based on
microstructure, other property measurements, or prior literature. Having to choose a model
a priori can be problematic as there may be multiple circuits that can suf ciently tthe
data within the data uncertainty or there may be a more appropriate model of the system
that is being overlooked or not considered. Manually selecting and analyzing multiple
circuit models takes experience and can lead to a biased result if the appropriate models are
not chosen to be compared. The ideal approach would use minimal user input for model
development and provide the simplest physical representation of the system without over-
tting.
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Table 3.1: Common circuit elgments used for equivalent circuit analysis and their associ-
ated impedances, where jis 1,! isthefrequency,and R,C,L, A, n, C, are the values of
the resistance ( ), capacitance (F), inductance (H), associated capacitance (Ss "), ideality
factor, and capacitance of an empty cell respectively.

Resistor Z.=R Formalism Relations

Capacitor Z.= J,LC Y =4

Inductor Z.=j'L M =j! Z C,
Constant Phase Element | Z_ = A(j! )" ! "=

The other choice of analysis is using the distribution of relaxation times (DRT) which
converts complex impedance data from the frequency domain into the time domain. [75;
76; 77, 78; 79; 80; 81; 82; 83; 84; 85; 86]. In this representation, an ideal resistor (R) and
capacitor (C) in parallel yield a Debye relaxation with time constant = RC, producing a
delta distribution in the time domain. As most materials are non-ideal, the delta distribution
becomes distributed in time, producing a distribution of relaxation times. Through this
analysis method, conduction processes with suf ciently different relaxation times can be
identi ed without the need to t a particular model [79; 87]. The transformation between
the frequency and time domain is given by

Z,

Z(l i)le + wd

T In (3.1)

1
where s the relaxation time, G( ) is the distribution density of relaxation times, Z(! ;)
is the experimental impedance, and R; is the resistance at in nite frequency [75; 80; 88].
However, this transformation leads to an ill-posed inverse problem where there can be
multiple solutions, no solution, or the solution is discontinuous. In addition to the ill-
posed nature of the problem, small deviations in the data can lead to major changes in the
solution, making quantitative anaysis dif cult ~ [89; 90]. There have been several methods
used to help stabilize the solution to Equation 3.1 including Tikhonov regularization [75;
78; 91; 92; 93; 94, 95], Fourier Itering [79; 87], genetic programming [83; 84], maximum
entropy [96; 97; 98], and Monte Carlo [99; 100; 101]. Most of these methods include adding
an additional parameter to reduce the sensitivity of the solution to small deviations in the
data. However, choosing an ideal regularization parameter is not well de ned. There are a
few codes available for performing DRT analysis including, ISGP  [84], DRTTOOLS|[78], and
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EIS-DRT [80]. However, the ill-posed nature of the transform makes it dif cult to compute
and the regularization may introduce arti cial peaks and peak shifts in the transformed
data [90]. The major bene t to DRT analysis is there is no need for a speci ¢ model of the
system in order to analyze the data, though the physical interpretation of the system under
study is not as interpretable as when using an equivalent circuit model  [90].

Whereas both analysis techniques can provide valuable information about the system
under investigation, using both approaches would provide a more complete view  [102]. In
an ideal analysis, a model would be proposed during analysis with minimal user input thus
avoiding the issues of user bias and over- tting. Additionally, uncertainty values for each
model parameter would be provided along with corresponding model uncertainty in all
four formalisms. We have developed an analysis process using a combination of DRT and
equivalent circuit analysis, which provides a list of the most probable equivalent circuit
models with minimal user input. In this procedure, the DRT is calculated from the provided
impedance data set, least squares minimization is performed using a library of circuit
models, and Bayesian inference is performed on the most probable models. In addition
to selecting the most probable circuit models, the use of Bayesian statistics quanti es
parameter uncertainties and provides credible and prediction intervals for further model
insight.

3.3 Methods

Prior to any data quanti cation or minimization, and to ensure the validity of collected
impedance data, a Kramer-Kronig transformation (KKT) is performed using the relations

Z, Z,
2 1,z ) 2 Lz L)

———  fdl, z'= = ———d! . (3.2)
(t2 1) 0(!2!1)
This ensure that there are no large irregularities in the data that could be due to external
noise. The user is given the choice to exclude data points that are more than a speci ed
percent difference from the respective KKT value or no include all data points regardless
of the KKT. Following the KKT, the DRT is then calculated though, as discussed previously,
the ill-posed nature of the transform requires regularization to solve and many different
approaches have been used in literature [75; 78; 79; 83; 84; 87; 91; 92; 93; 94, 95; 96; 97; 98;
99; 100; 101]. The choice of regularization parameter can have a dramatic effect on the
calculation of the DRT.
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Substantial progress in methods to select this parameter has been developed by the
Ciuccigroup [75;103]; however, it can still be dif cult to determine an optimal regularization
parameter. Work by Li et al developed a procedure based on the Elastic Net regularization
which solves for both the DRT kernel density and the associated resistances [80]. This
method allows for simultaneous Ridge and Lasso Regression using a matrix of different
regularization parameters and automatically selects a regularization parameter. Due to
the effectiveness of this method, it has been converted into python and is used for the
calculation of the DRT in this analysis procedure.

The DRT probability density is de ned by

X
G()= k k() (3.3)

R
where () is the kth non-zeropkernel function such that () =1and  isthe
weight for that kernel subject to « k= 1[80]. The choice of kernel functions follows that
of Li et al with the use of a step function de ned by

1

kK()F = ) (3.4)
k+1 k

where is an indicator function de ned overtherange [ «, k+1)[80]. Finding the

[ ko k+l)
maximum likelihood of Equation 3.3 becomes a minimization of the sum of squares

S(x) =k Z°

exp

R, 1 RA” KK+kz2X R,A® K | (3.5)

exp

where A’ and A" are the real and imaginary parts of the covariate matrix, given by

‘ ()
= __KJ
m T3 din . (3.6)
To nd the optimum regularization parameter, , @ matrix of regularization values is used
in a non-negative least angle regression to nd the optimum 1 value that minimizes

kz® AR, K+ kR, ki+ KR, K 3.7)

while keeping , xed at the value that minimizes Equation 3.5, through Elastic Net regu-
larization [80; 104]. In addition to calculating the probability density function, G( ), the
DRT calculation estimates the high frequency cut-off resistance, R; , and the polarization
resistance, R .
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Initial values of resistance and capacitance are estimated in a similar manner as Li et al,
such that the heights of the DRT peaks provide the weights, w, = R, =R,, of each resistance

as described by
X o

LG

[80]. Capacitance values are then estimated using the relaxation time of each DRT peak and

Z()=R, +R, (3.8)

the estimated resistances, C = = R. Due to the large differences in magnitudes between
the resistance and capacitance values, the units of the input values are setto M and pF
for resistance and capacitance, respectively.

Using the initial values, the complex impedance is compared to equivalent circuit
models stored in a circuit library. There are currently over 30 models that range from 2
element to 6 element models with the availability of adding more. The number of models
can be limited to those that are physically possible as one peak in the DRT requires at least
two components, R and C, to make the peak therefore circuits below twice the number of
peaks are disregarded. For example, data with clearly two peaks in the DRT would require at
least 4 circuit elements; thus the 2 and 3 element models are omitted and the minimization
starts with the four element circuits. To limit the total number of circuit models and increase
the variety of models, all capacitors are assumed to be constant phase elements (CPE) with
an initial ideality factor of 0.98. Each circuit model goes through a quasi-Newton least
squares minimization using the L-BFGS-B algorithm minimizing

X _)(\I ™
sS= il ) RS k=[2°2%9 | (3.9)
k i

where f, (! ,q)is the model output given the parameters g and R (! ) is the experimental
data as a function of frequency, ! . To evaluate each model, the Bayesian Information
Criteria, BIC =kln(n) 2In(L (A)), is computed after minimization. The BIC takes into
account the number of parameters in the model, k, the number of data points, n, and the
maximum likelihood, L ("), which is a function of the residuals between the data and the
model.

We note that the actual value of the BIC is meaningless until compared to the BIC values
from other models, with a lower BIC indicating a better t. Adding extra parameters to the
model increases the BIC, which can lead to over- tting, as the reduction in residuals is
not out-weighing the addition of another parameter. If more than one data set is included
in the analysis, the least squares minimization can be performed on all data sets for each
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model, each with individual BIC values. For one model, the average BIC value can be used
as the comparison value in order to select the most likely models. The use of more than

one data set, taken at the same experimental parameters or different parameters, can then
minimize the effect of noise in the data, assuming the material system does not change

drastically in each data set therefore assuming no change in the model.

While least squares minimization tends to nd the optimum values in each model, the
frequentist method does not directly quantify the variability associated with parameters
but rather constructs associated estimators. To directly quantify parameter uncertainty,
we employ Bayesian inference using the Markov Chain Monte Carlo Delayed Rejection
Adaptive Metropolis (MCMC DRAM) algorithm  [36; 37; 105]. In Bayesian inference we
employ the observation model

=10 Q)+, ,i=1,...N . (3.10)

Here ; are random variables whose realizations v; are a set of N measurements from
an experiment (Z ), f (! ;,q) is the equivalent circuit model response having unknown
parameters q, and observational errors  [36]. As impedance spectroscopy data is collected
as a signal and phase offset, yielding a complex number at each frequency, the observational
model also has a complex form,

=f9)+ (3.11)
which can then be split into its real and imaginary parts as follows:

‘=f( )+ (3.12)

P=f0a) T (3.13)

While data could theoretically be collected in any of the formalisms described in Section 2.2,
the most common form collected is complex impedance. The DRAM algorithm randomly
probes parameter space, calculating the likelihood at each parameter value. Parameters
are accepted with a probability based on the ratio of the current and previous products
of the log-likelihood function and prior distribution. Due to the time it takes to run the
MCMC DRAM inference on a model, the ve models with the lowest Bayesian information
criteria (BIC) values are chosen to continue through this inference process.

Initial values are set to the optimum values from the least-squares minimization and a
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at prior distribution that enforces any parameter constraints is used for each parameter.
The default chain length is setto 1 108 iterations, allowing for burn-in and ensuring
convergence is reached. At the end of the Bayesian process, each model is evaluated again
using the BIC, re-ordered, and parameter distributions and credible intervals are produced.

3.4 Results and Discussion

3.4.1 Simple 2RC Circuit

To ef ciently and accurately test the analysis process, a test circuit was con gured on a
breadboard as seen in Figure 3.1(a) and was comprised of two resistors and two capacitors
with measuredvaluesof 3.1M ,5.7M ,9.8 pF, and 27.8 pF, respectively with each capacitor
measured at 3 MHz. This circuit is then connected to an HP Aligent 4192A Impedance
Analyzer and a spectrum was collected as complex admittance ( Y )using0V DC and 1
V AC, sweeping from 6 Hz to 1 MHz. In the test data, sample dimensions of 0.1 cm 2 and
0.06 cm were used as the area and distance between electrodes respectively and was the
only user information used in the process. The KKT, seen in Figure 3.1(b), shows good
agreement between the data and the KKT-derived data indicating self-consistency in our
measured data. The experimental Cole-Cole plot and corresponding DRT can be seen in
Figure 3.2. In the Cole-Cole representation, there is no clear distinction between the two
RC circuits. However the calculated DRT seen in Figure 3.2(b) clearly shows more than one
peak. The expected time constants are calculated according to the standard time constant
equation, = RC, and are shown as red lines in Figure 3.2(b). The peaks observed in the
distribution of relaxation times are foundtobe  5.38 10 °sand 1.7 10 “s, coming within
73% and 6% of the expected relaxation times respectively.

Using the relaxation times found in the DRT and using Equation 3.8, initial values for
least squares minimization are setto 4.25M and 4.94 M for resistance values while the
CPE values are sett012.68 10 '?and 34.43 10 *? each with an ideality value of 0.98. Since
two peaks are found in the DRT, and the list of possible circuits used for the analysis is
limited to only the models containing a minimum of 4 circuit elements. As it is not physical
for any circuits containing less than 4 elements to produce a DRT with two peaks, the circuit
limitation is assumed to be a valid assumption. Least-squares minimization is performed as
de ned by Equation 3.9 with the results from the top ve circuits and their ts can be seenin
Figure 3.3. We can see that in general, the lower parameter circuits are preferentially chosen
over the six and seven element circuits. We note that we get almost perfect ts with all ve of
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models and can not necessarily differentiate between any of the models. The BIC values of
the ve models with the lowest BIC values are all within ~ <1%, and these models tend to have
lower number of circuit elements, as is expected with via the parameter-number penalty in

the BIC. To ensure the ts are in the global minimum and gain further insight into the data

and parameter credibility, Bayesian inference is performed on the top ve circuits shown in
Figure 3.3(a)-(e). The selected ve circuits shown are then used for the Bayesian inference,
each starting with at priors centered on the value found in the previous minimization. Flat

prior distributions are chosen based on the least squares while all values are given equal
weights and given bounds of (0.1 ,1 10'? ) for resistive parameters, (1 10 *°,1 10 °)
and (0.1,1.1) for the constant phase element parameters. Whereas the ideality value upper
bound is non-physical, it is set above 1 to allow for parameter convergence. After 1 10°
chain iterations, BIC values are recalculated for each model using the parameter means
and subsequently reordered as shown in Figure 3.4.

The top four circuits' BIC values are all within ~ <1% though the 4-A circuit has alower BIC
value compared to the rest of the circuit models. Taking a closer look at the most probable
model, 4-A, the parameter chains and resulting parameter distributions can be seen in
Figure 3.5. We can now see the associated uncertainties with each parameter value, gaining
insight into the equivalent circuit model. The parameter chains and resulting parameter
distributions of the most probable model, 4-A, are presented in Figure 3.5. This model is
a standard 2RC elements in series, which corresponds to the circuit used to collect the
experimental test data. The uncertainties associated with each parameter value provide
insight into the re ned equivalent circuit model. For example, the distribution shape of a

Figure 3.1: (a) Diagram of the test circuit created on a bread board. (b) Test circuit data
(dotted lines) and derived real and imaginary impedance through the Kramer-Kronig trans-
formation (solid lines) plotted as the absolute magnitude of impedance,  jZj, vs frequency
on alog scale.
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Figure 3.2: (a) The test circuit data in the Cole-Cole representation with the beginning of
each frequency decade marked in red and (b) the corresponding DRT with the expected
relaxation times marked with red lines.

parameter can indicate the validity and t of the model. A parameter with a double peak
would indicate two values of similar probability and hint that the model is insuf cient for
the system under investigation.

Table 3.2 shows the mean values for each parameter in the 2RC circuit model (4-A) with
its associated standard deviation. Additionally, the capacitance of each CPE is calculated

according to

_ (AR)1=n
= ,
which is then used to nd the time constant of each RC circuit [106]. Most parameter

C (3.14)

values are very close to the measured values of the circuit elements used with C , being
the only major deviation; however, even with this deviation the t to the data is better
than that of using the measured values. We show the 95% credible and prediction intervals

in Figure 3.6 and show the 95% prediction and credible intervals (Cl) for the found most
probable model, 2 RC's in series, 4-A. Asonly Z ®and Z *are used in the observation model
given by Equation 3.10, the observational errors are derived usingonly Z and therefore
this is the only formalism shown. The credible intervals quantify the uncertainty in the
parameter value and allows us to make a probabilistic statement about each parameter. In
addition to this added information about the parameter values, the prediction intervals
guantify the uncertainty associated with future measurement sand incorporate observation
errors. The credible intervals do not show much variability with frequency and remain very
tight to the model, as highlighted in the inset of Figure 3.6(a). Due to this low variability, it
can be assumed that the prediction intervals are comprised mostly of observational errors,
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Figure 3.3: The ve circuit models with the lowest BIC values after least squares minimiza-
tion and their respective ts in (a) Cole-Cole representation, (b) imaginary modulus vs
frequency and (c) the corresponding circuit model diagrams and BIC values.

. Even though this is a relatively simple test case, the most probable circuit model was
chosen to be 2 RC's in series, which was the circuit used in collecting data.

Table 3.2: Parameter estimations with one standard deviation of the top circuit (4-A) after
MCMC DRAM tting and the measured value of each element used in the test circuit.

Parameter | Bayesian Mean and Standard Deviation | Measured Value

R, 3.783 M 0.068 M 3.1M
A, 10.124 10 *? 0.036 10 *? 9.8 10 '2
n, 0.997 0.001 1
C, 9.859 pF 0.126 pF 9.8 pF

1 3.730 10°s 0.008 10°s 3.1 10°s
R, 5.392 M 0.075M 5.7M
A, 26.858 10 2 0.679 10 *? 27.8 10 *?
n, 1.013 0.005 1
C, 30.058 pF 1.542 pF 27.8 pF

2 1.621 104s 0.009 10 “s 1.6 10“%s
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Figure 3.4: The top ve circuit models after Bayesian inference and their respective tsin
(a) Cole-Cole representation, (b) imaginary modulus vs frequency and (c) the corresponding
circuit model diagrams and BIC values.

3.4.2 Synthetic Temperature Series

Often impedance data is collected for a series of temperatures, times, or oxygen partial

pressures. To test the analysis procedure on a series of impedance spectra in which all
variables are known with certainty, a series of synthetic spectra was created at a variety
of temperatures. The circuit shown in Figure 3.8(a) was used with the resistance values
changing with temperature according to activation energies of 0.71 eV and 0.47 eV. As
the data is synthetic, the KKT shows agreement for both the real and imaginary parts of

impedance, seen in Figure 3.7.

Five temperatures were simulated startingat 100 C and increasing in 10 C increments.
The initial parameter values for each temperature are given in Table 3.3. Random noise was
added onto each spectra, with each temperature having a normal distribution of noise; it
was found that perfect synthetic data does not work for analysis as the residuals become 0
and leads to errors in the log likelihood calculation.

The Cole-Cole, imaginary modulus and DRT representations are plotted in Figure 3.8
with clearly two peaks in the DRT and Cole-Cole. However, only one peak can be seen in
the modulus. Least squares was conducted in the same manner as the 2RC's case; however,

43






	List of Tables
	List of Figures
	Introduction
	Motivation
	Dielectrics and Capacitors
	Defect Chemistry
	Interfacial Effects on Metal-Dielectric Interfaces
	Resistance Degradation and Resistive Switching
	Bayesian versus Frequentist Statistics

	Methods
	Establishing Initial Conditions
	Impedance Spectroscopy
	Kelvin Probe Force Microscopy
	KPFM Fundamentals

	Transmission Electron Microscopy
	TEM Fundamentals
	TEM Sample Preparation
	Image Collection


	Quantification of Impedance Spectra: Analysis Method Development
	Abstract
	Introduction
	Methods
	Results and Discussion
	Simple 2RC Circuit
	Synthetic Temperature Series
	Effect of Sum of Squares Functional

	Conclusions

	Development of Classification Procedure of Scanning Transmission Electron Microscopy Images of Complex Structures
	Introduction
	Indexing and Classification with Cross Correlation and Matrix Representation
	Indexing and Classification with Neural Networks and Local Neighborhood Analysis
	Degraded BaTiO3 Cathode
	Conclusions


	Resistance Degradation in BaTiO3
	Introduction
	Experimental Methods
	Results and Discussion
	Defect Ordering
	Conclusions


	Determining Electric Field Distribution via KPFM
	Abstract
	Introduction
	Experimental Methods
	Results and Discussion
	Conclusions

	Conclusions and Future Work
	Conclusions
	Future Work
	Birefringence during Resistance Degradation
	Quantification of Interfacial Effects in BaTiO3


	References
	APPENDICES
	Pyroelectricity
	STEM Quantification of Ba5SmSn3Nb7O30
	dual-ECQUIS Documentation

