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Modern development of electronics and integrated circuits has followed the expo-
nential Moore’s law according to which the size of transistors has also scaled down
to the nanometer level. Since scaling is physically limited by the size of singular
atomic layers where uncontrollable quantum effects reign, emerging technologies
need to overcome the challenges of transistor scaling. Another problem modern
computer technology has ran into is the physically limited speed of data transfer be-
tween the von Neumann architecture memory and logic units, especially for data-
intensive computing like artificial intelligence tasks. To overcome the von Neumann
bottleneck, emerging technologies are in dire need. Solution taking inspiration from
the structure and operation of the brain are called neuromorphic solutions. Neuro-
morphic computing aims at solving the problems of limited computing speeds and
high energy consumption. These same solutions can also provide solutions for
scaling of transistor is reaching its physical limits.

One category of solutions in neuromorphic computing are thin film ferroelectric
devices, which can be used as standalone or more importantly integrated into
silicon-based electronics. In the recent decades, hafnium has been one of the
most studied ferroelectric materials due to CMOS compatibility, low thermal bud-
get and scalable fabrication. The existing practical knowledge and infrastructure
for hafnium deposition have make a cost effective candidate for future large scale
systems. Hafnium-based ferroelectric devices in neuromorphic computing can em-
ulate synaptic or neural behaviour in addition to non-volatile memory elements.

In this work, the ferroelectric hafnium-based devices are examined, and ferroelec-
tric thin film capacitors are modelled with the Jiles-Atherton model. The accuracies
reached by the model for remanent polarization and coercive fields are over 99 %,
and the work examines the physical parameter behaviour for the hysteresis curves
under different input voltages and ambient temperatures. This work is an important
step towards future large scale circuit simulation and integration of hafnium based
devices as non-volatile memory and synaptic components, enabling energetically
and computationally efficient, neuromorphic solutions.
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Moderni elektroniikan kehitys on seurannut eksponentiaalista Mooren lakia, jota
mukaillen transistorien koko on pienentynyt. Seuraava askel olisi yhden atomin
paksuinen kerros, mutta noin ohuilla kappaleilla kvanttimekaaniset ilmiét kuten vuo-
tovirta estavat transistorien nykyisenlaisen kaytdén. Kvanttimekaanisten
satunnaisilmididen hallitsemisen sijaan transistorien kehitys on menossa kohti uu-
denlaisten materiaalien kayttéa. Skaalautuminen ei ole ainoa tietokonelaskennan
ongelmista. Nykyaan lahes kaikkien tietokoneiden kayttama von Neumann ark-
kitehtuuri erottelee muistiyksikdn laskentayksikdsta luoden fyysisen esteen datan
siirron nopeudelle. Taman Von Neumannin pullonkaulailmién voittaminen vaatii uu-
denlaisten laskenta-arkkitehtuurien kehittamista. Naita kutsutaan neuromorfisiksi,
koska ne ottavat inspiraatiota aivoista.

Mahdollinen ratkaisu esitettyihin ongelmiin on ferrosahkdisten materiaalien
hyddyntaminen itsenaan tai yhdessa nykyisten transistorien kanssa. Nykyisen vuo-
sikymmenen aikana ferrosahkoisten hafniumpohjaisten laitteiden kehitys on kiih-
tynyt hafniumin sopivien fysikaalisten ominaisuuksien sekd olemassaolevan in-
frastruktuurin ja tietotaidon takia. Hafniumpohjaisia ferroelektrisia laitteita voidaan
hyddyntaa neuromorfiseen laskentaan seka synaptisien etta neuraalisten ominai-
suuksien toteuttamiseen ja lisdksi haihtumattomina muistielementteina.

Tassa tyossa perehdytaan hafniumpohjaisiin ferrosahkaisiin laitteisiin, ja mallin-
netaan ferroelektristd ohutlevykondensaattoria Jiles-Athertonin mallilla. Malli ky-
kenee jopa yli 99 % tarkkuuteen, ja tydssa mallia hyddynnetaan eri jannitteilla ja
lampdtiloissa mitatuille hystereesikayrille. Simulaatioparametrien muutosta analy-
soidaan taustalla olevan fysiikan pohjalta.

Taman tyon tutkimus on tarkea valietappi tulevaisuuden mikropiirisimulaatiolle fer-
rosahkoisten komponenttien simulointiin osana mikropiiria. Neuromorfisten tekno-
logioiden kehitys mahdollistaa energiallisesti ja laskennallisesti tehokkaita tulevai-
suuden ratkaisuja seka uudenlaisia laskentamenetelmia mullistaen modernin tek-
nologian.

Asiasanat: Ferrosahkoisyys, neuromorfinen laskenta, Jiles-Atherton malli
Kieli: Englanti
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MFIS
PUND
CPU
DRAM
SRAM
ML
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ANN
GPU
DNN
SNN
EUV
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FeFET
FTJ
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TPU
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STDP
MOSFET
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CMOS
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MW
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Metal-ferroelectric-insulator-semiconductor
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Central processing unit
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Artificial intelligence

Artificial neural network

Graphic processing unit
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Tensor processing unit

Leaky integrate-and-fire
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LK Landau-Khalatnikov

KAI Kolmogorov-Avrami-Ishibashi
NLS Nucleation limited switching
FEOL Front-end-of-line

BEOL Back-end-of-line

FE Ferroelectric

FeRAM Ferroelectic random access memory
1T-1C One-Transistor-one-capacitor
FET Field-effect transistors

GAA Gate-all-around

MOS Metal-oxide-semiconductor
JA Jiles-Atherton

RTA Rapid thermal annealing
VLSI Very large-scale integration
RSD Relative standard deviation
SD Standard deviation
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Chapter 1

Introduction

As the world becomes increasingly dependent on artificial intelligence and
machine learning, a critical contradiction emerges: the technological progress
is tightly intertwined to the worldwide energy crises. In the world of deep
machine learning models, energy consumption is often overlooked as the ac-
curacy levels continue to rise. Estimating the energy consumption of ma-
chine learning methods is difficult and thus has not been a key metric in
many developmental cases. These deep machine learning models require an
increasingly high amount of computations, affecting not only the energy con-
sumption but also the processing times of the models. With current computer
hardware architectures the computing times cannot physically be shortened
further, energy is wasted by juggling data back-and-forth, and the semicon-
ductor industry is in desperate need of solutions as Moore’s law cannot be
kept up with due to the high cost of manufacturing nanoscale transistors.
As demand for burdensome computational tasks, such as deep neural net-
works, is only increasing, the scientific community is searching for answers
to these emerged problems. Two prevalent directions of solving these funda-
mental issues have gained major interest. First of these is the development of
quantum computers and algorithms to solve large numerical problems. The
second one is re-inventing how electrical computing can be done, taking inspi-
ration from the biological brain. This is known as neuromorphic computing
or brain-inspired computing. Neuromorphic computing aims at decreasing
the energy consumption of effortless tasks for the brain but demanding for
current computers. Such tasks include object and face recognition, speech
recognition and human-like learning in general. The disciplinary is not lim-
ited to these tasks as it also encompasses solutions that have taken inspiration
from the brain but solve tasks in which machine learning excels.
Neuromorphic computing includes many branches of research, and is not
a one-size-fits-all solution. It shines in tasks where low energy consumption
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is highly relevant. These different branches include spiking neural networks
and event-based-systems but it all comes down to analog hardware solutions.
Electronics based solutions are at the moment most feasible for the extensive
practical knowledge and interest in that area. One electronics based solu-
tion is utilizing ferroelectric behaviour in electronic devices, which enables
computations to be done in-memory using the memristive properties of fer-
roelectric devices. The silicon compatibility of manufacturing hafnium oxide
has spiked interest around this specific topic in the recent decade.

A current problem related to neuromorphic in-memory hardware is com-
bining non-volatile features with high retention and endurance. Ferroelectric
devices are promising in this sense but problems relating to the device-to-
device and cycle-to-cycle variation still prevail. To design circuits with fer-
roelectric components, accurate and reliable modelling of ferroelectric prop-
erties is needed. Many solutions for modelling ferroelectric behaviour exist
but most are application specific and computationally demanding, which hin-
ders the usage with a circuit simulation software. A model suitable for large
scale circuit integration has a small parameter space and high accuracy on
important ferroelectric properties, including the level of non-volatility - the
remanent polarization, the voltage separation of two opposite levels - the
memory window, and the time it takes to switch the polarization. There are
also several other ferroelectric properties hindering practical device develop-
ment with hafnium oxide, such as imprint, wake-up and fatigue, the physics
behind which are still not fully understood and thus are not simple to model.

In this work, metal-ferroelectric-insulator-semiconductor (MFIS) capaci-
tors are modelled with a Jiles-Atherton model, which is a semi-microscopic
model compatible with large scale circuit simulation software. The results
are presented also in [1]. Experimental data is obtained via the positive-up-
negative-down (PUND) technique, and the Jiles-Atherton model parameters
are numerically fitted to match the experimental data. The physical implica-
tions of the parameters are analyzed both in the derivation of the model and
from the observed behaviour in the predictive simulations. High accuracies
are achieved for the polarization values and switching voltages, but switching
times fall outside the capabilities of the model.

Neuromorphic computing is introduced in chapter 2, after which the con-
cept and physics of ferroelectricity are explored in chapter 3. Chapter 4 in-
cludes the experimental part and the derivation of the Jiles-Atherton model.
The programming implementation of the Jiles-Atherton model is explained
in chapter 5. Chapter 6 presents and evaluates the results for the Jiles-
Atherton simulations compared to experimental data. Chapter 7 consists of
more discussion on the evaluated results including future work, and chapter
8 concludes this work.



Chapter 2

Neuromorphic computing

Modern computing systems are built of separate computer parts known as
units, each with a specific task based on the hardware on the device. Con-
trol and logic of a device are conventionally executed in the central process-
ing unit (CPU). Each control sequence, variable and intermediate state is
stored in external memory units, often as dynamic random access memories
(DRAMS) [2], where the memory states are stored as charge in capacitors.
Other commonly used memory devices are static random access memories
(SRAMs)and Flash memories. In SRAMs the memory state is memorized
with a positive feedback loop, whereas in Flash memories, charge is stored in
a floating gate [3]. Different memory devices are used for tasks requiring var-
ied memory characteristics like volatility and data retention. Memory units
and registers are accessed back-and-forth multiple times in each operation.
This described computer architecture is better known as the von Neumann
architecture, which was developed by John Von Neumann in 1945 [4]. A
conceptual block diagram is provided in the left side of Fig. 2.1. The phys-
ical separation between the processing and memory units, as shown in the
figure, limits the data movement speed between the units, which cannot be
surpassed by creating more powerful CPUs or increasing the number of CPUs
in a computer. The limit is referred to as the von Neumann bottleneck [5].
With the ever-increasing amount of data transfer and processing required to
keep up with the development of machine learning (ML) and artificial intel-
ligence (Al), new technological developments are critically needed. Solutions
to overcome the von Neumann bottleneck have been proposed, and a promis-
ing direction is to draw inspiration from the extremely advanced computing
hardware developed by nature - the human brain. These solutions fall under
the comprehensive term of neuromorphic computing.

In the human brain, no distinct separate areas responsible for comput-
ing and memory have been reported upon. Instead, the computing happens
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Figure 2.1: A comparison between the von Neumann and a non-von Neumann
computing architecture.

intrinsically following a small scale memory state in the synapses in a compu-
tation. The simplest building blocks of the brain are neurons, the cells that
make up the central nervous system. Figure 2.2 showcases the basic structure
of a biological neuron. The dendrites of a neuron receive input signals, which
are processed in the cell body. The processed signals are outputted through
the axon, which is connected to the dendrites of other neurons via synapses.
Each synapse has a weight, which is responsible for saving or memorizing
the extent in which a certain input signal influences the output. The signals
propagating through neurons are in the form of action potentials, which are
fast voltage spikes, where the shape of the signal is not as meaningful as the
event of a spike [6]. If the dendrites collect enough spike signals, the cell
body creates an output spike, which is conveyed to following neurons via the
axon. The definition of the threshold in this context is widely debated and
varies between different classes of neurons [5]. This threshold can depend
on, for example, the number of spikes, the frequency of input spikes, or a
complex threshold consisting of an interplay of both. The way to process the
spikes is called the spike encoding, which in its simplest form signifies how
the information is conveyed through the spikes.

The human brain consists of a network of these neurons, more commonly
referred to as a neural network. This term has been coined by the computer
science community to represent a ML solution framework, where floating
point values are passed through a network-like array of matrix-vector prod-
ucts and optimization is done via gradient descent and backpropagation.
These artificial neural network (ANN) models are minimally inspired by the
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brain, and not commonly regarded as neuromorphic computing. Many ANN
models require significant quantities of data and processing resources, and
parallelization with graphics processing units (GPUs) is a common practice
in accelerating the power-intensive training process these models require to
learn connections between features of the data. GPUs are most notably used
to accelerate large ANN systems, referred to as deep neural networks (DNN).
Even with the impressive performance obtained with modern ML solutions,
like generative Al or face and object recognition, the energy consumption of
DNN models is ever-increasing and the current computational frameworks
cannot keep up with the demand for more data intensive applications while
using energy and other resources effectively and sustainably.

Dendrites

Cell body

Figure 2.2: A simplified diagram of a neuron. The axon connects to the den-
drites of another neurons with synapses.

One approach to address the challenges posed by the limitations of the von
Neumann architecture is to go beyond the von Neumann architecture by com-
bining memory and computation units, which is presented in the right side of
Fig. 2.1. This approach is commonly known as in-memory computing, which
significantly reduces data transfer in computational operation. In-memory
computing requires completely reinventing computing methods, examples of
which are innovative solutions including crossbar array structures and mem-
ristive technologies. These solutions aim at increasing the efficiency of matrix
vector multiplications to accelerate computations in DNNs to happen faster
with a smaller energy consumption. In addition to in-memory computing,
other related concepts include in-sensor and near-sensor computing. In cur-
rent day solutions, all data undergoes analog-to-digital conversion regardless
of the importance of it, increasing the power requirements and area of the
circuits. Therefore, doing analog computing near the sensor array would
increase the efficiency and only important data undergoes digital conversion.

Another way to approach solving the problems arising from the energy
consumption and training time of DNNs is fully reimagining the fundamen-



CHAPTER 2. NEUROMORPHIC COMPUTING 6

tal principles of using the network structure. Unlike in DNNS, there is no
highly engineered gradient descent algorithm optimizing a loss function in
the brain. Instead, learning happens incrementally as humans learn move-
ment, speech, reading, writing, mathematics, literature, and other life skills
as they develop into adult human beings. Even after the training period
called childhood, this learning still persists. This has inspired a new genera-
tion of neural networks called spiking neural networks (SNN), where instead
of floating point operations with matrix-vector multiplication the learning is
based on brain-inspired learning rules that operate in the domain of spikes
[7]. The definition of these spikes varies between the application and the
level of inspiration taken from the brain, but the common features include
energy-conserving event-like binary or ternary representations. The learning
rules also vary in different applications, but a combining feature is changing
the synaptic weights with no external training period. Furthermore, spik-
ing neural networks are often asynchronous, as most learning rules derived
from neuroscience do not rely on synchronous clock signals governing signal
propagation.

To harness the asynchronous behaviour of SNNs; designing analog in-
tegrated circuits that implement the neural network structure along with
biologically inspired learning rules is a crucial step. To overcome the area
and material-related cost of large circuits, researchers are exploring emerg-
ing technologies. These technologies include distinct and novel computing
schemes involving particles such as photons and quasiparticles like skyrmions,
but also include solutions built on top of the well-established electronics in-
dustry, including innovative designs for the future of semiconductor transis-
tors. One promising emerging technology integrating advanced principles of
the physics of electric domains into the design of silicon-based transistors is
research around ferroelectric devices for computing and memory applications,
and this topic will be further expanded upon in the following chapters.

Neuromorphic computing is a multidisciplinary framework for solving
problems related to the growing demand for processing power and data
transfer for Al tasks. It combines knowledge and research from computer
architectures and circuit design, neuroscience, computer science, as well as
material technology. Many currently used benchmarking tools and metrics,
like floating point operations per second, become less relevant as the nature of
computing undergoes changes. Novel methods of analysing the performance
of these novel devices and technologies are needed for effective comparison
between technologies. In sections 2.1 and 2.2, neuromorphic hardware-based
and spiking neural network-based solutions are discussed respectively.
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2.1 Neuromorphic hardware

The von Neumann bottleneck is not the only problem modern computing
has faced limiting its development. From the 1950s onwards, the develop-
ment of processors has followed a trend where the number of transistors on
a chip has doubled every two years while the cost of fabricating the chip has
remained stable. This trend is commonly known as Moore’s Law. It is an
empirical and economic prediction that companies have strived to adhere to
as a goal. Every two years, twice as many transistors can be implemented
on a chip. These biannually updated leading-edge technologies are catego-
rized into what are known as technology nodes, which are named after a
length scale of the transistors. In planar transistors before the 45 nanometer
node, the names have corresponded to actual measurements in the transistor,
such as channel width, but in later transistors the names of the nodes have
little correlation with the actual size of the transistors. As the number of
transistors has increased exponentially, the chips have not increased in size.
Instead, the transistors have scaled down with each new technology node.
This means that in addition to the area of a transistor decreasing, the layers
comprising the transistors have been made increasingly thin. The physically
feasible thinness is limited by the width of atoms and their bond distances.
In layers thinner than 5 nm, stochastic quantum phenomena lead to unde-
sirable behaviour such as high leakage. This not only increases the required
energy to counteract the leakage but also changes the operating principles of
the transistors.

While approaching the scaling limit, innovative transistor technologies
have been developed to not only mitigate the scaling problem but also fa-
cilitate novel approaches to computing. A widely adopted technological ad-
vancement that has been used to circumvent the scaling problem of planar
transistors is to fabricate transistors in 3D structures, an example of which
are FinFETs where the gate is shaped like a fin on top of the drain and
source [8]. A significant challenge with using highly scaled technologies in
the 3 nanometer node and beyond is the sudden escalation in the fabrication
costs. To fabricate such small transistors, extreme ultra violet (EUV) litog-
raphy is required to reach nanometer scales. It consumes an immensely high
amount of energy, a major part of which has to be wasted to prevent damag-
ing the devices under fabrication [5]. The cost of using EUV is so high, that
manufacturing chips is becoming energetically unsustainable. This has fur-
ther boosted the development of emerging technologies aimed at addressing
the scaling in addition to the speed and energy consumption of computing.

In developing innovative methods and devices for computation, the decades
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worth of practical knowledge and existing manufacturing infrastructure of
electronics and silicon-based electronic chips should not be disregarded. Hafnium-
based silicon compatible ferroelectric devices facilitate a possibility to build
non-volatile memory (NVM) units for implementing memory arrays required
in neural networks. These ferroelectric devices are ferroelectric capacitors,
ferroelectric field-effect-transistors (FeFET), and ferroelectric tunnel junc-
tions (FTJ). In the context of memristive devices with two separate states, a
common benchmarking tool is to compare the resistance values in the on and
off state, marked with the Ropr/Ron ratio [2]. It quantifies the distinction
between the two memory states. In cases with more than two states, this
ratio can assume multiple values. This is particularly relevant in applications
such as spiking neural networks, where devices with more than two states
are employed to construct the learning rules.

The key idea behind neuromorphic technologies is to accelerate complex
computations, such as deep learning based data processing or computer vi-
sion tasks, while also optimizing the energy consumption. The von Neumann
bottleneck arises from the need to access external memory states. Remov-
ing the need for an external memory by computing in-memory eliminates
limitations related to the speed of data transfer. Another strategy to min-
imize energy consumption and improve computing speed involves storing
more information in signals without a proportional increase in power con-
sumption. Spike-based computing aims at storing information in low-energy
spikes where the spike events are full of spatial and temporal information.
One way to lower the energy consumption of electronics is by rejecting the
use of only electrons while embracing the usage of other (quasi-)particles.
Examples of alternative approaches include photonics and spintronics [5].
Commercially adopting these technologies on the scale currently occupied by
electronics would require extreme investments in new fabrication methods
and infrastructure. Fortunately, there is no immediate necessity to entirely
replace electronics. Instead, these emerging non-electron-based computing
technologies can be used in applications that benefit from the physical phe-
nomena behind their respective computing spheres. This holds true for all
emerging neuromorphic computing applications and technologies. No single
solution is universally applicable to all scenarios.

2.2 Spiking neural networks

Spiking neural networks are often called the next generation of neural net-
works, succeeding ANNs and DNNs. In contemporary DNNs, a backpropa-
gation algorithm, based on gradient descent, accesses the external memory at
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each connection of the neural network to retrieve a synaptic weight matrix.
Subsequently, a multiply-accumulate (MAC) operation is performed to com-
pute the matrix-vector product, yielding the output of a neuron. However,
this highly engineered software-based process involving access of memory ad-
dresses and energy-wise inefficient MAC operations, becomes time and energy
consuming when the used datasets and model architectures grow in complex-
ity. To address these challenges, common approaches include using GPUs or
other hardware accelerators, such as tensor processing units (TPUs), to en-
hance the computational efficiency through parallel processing.

However, the learning rules based on backpropagation entail access to
memory and logic units back-and-forth multiple times, which contributes to
the von Neumann bottleneck as an active problem in the development. Train-
ing and using DNN models are resource-intensive processes, which demand
substantial amounts of data and energy. Progress in high density memories
and low energy neuromorphic solutions is beneficial for the deep learning
community. Hafnium based devices are possible solutions for both of these
problems. High energy consumption not only poses immediate issues itself,
but is also linked to other broader concerns such as reliance on fossil fu-
els in the energy production cycle, escalating the ongoing climate crisis. A
major reason for high energy consumption in neural networks is the Ohmic
losses generating heat within the devices. Adopting neuromorphic devices
with significantly lower power consumption can mitigate damages from over-
heating, reducing the need for component replacements, contributing to the
sustainability of emerging solutions.

Beyond the realm of DNNs, there has been significant progress in the field
of spiking neural networks, where data propagating takes the form of spikes
rather than floating-point values. The spikes can hold information with dif-
ferent encodings, including timing intervals between spikes, bursts of spikes,
or spike rates [7]. The spike data transverses a network of neurons, where
the output data is processed. The weight of each input signal is stored as a
synaptic weight, often in a cross-bar array structure. Learning in SNNs can
be achieved either with a learning rule inspired by neuroscience [5] or by gra-
dient descent like in conventional ANNs [7]. While there has been substantial
development in software based spiking neural networks, which can margian-
lly reduce the energy consumption of applications, but overcoming the von
Neumann bottleneck requires hardware-based neural network solutions.

As previously described, biological neurons accumulate input signals un-
til a spike threshold is reached, leading to the generation of an output spike
propagating to following synapses. The simplified process is commonly re-
ferred to as neural behaviour. One of the most prevalent neural models is the
leaky integrate-and-fire (LIF) model, which shines with its simplicity. The
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LIF neuron model was founded already in 1907 by the French scientist Louis
Lapicque by electrically stimulating the muscles of deceased frogs. From his
observations, Lapicque inferred that a sufficiently high voltage spike induces
motion in the frog [9]. While more refined neural models have been devel-
oped since Lapicque’s work, the fundamental properties of neural behavior
are encapsulated in the LIF model [6].

In addition to neurons, efficient use of SNNs requires utilization of synapses.
Synapses in ANNs correspond to the synaptic weight arrays, which are
learned in the training process during the backpropagation iterations. This
involves a considerable amount of energetically inefficient MAC operations
on the gradients of the input signal. Since spike-domain data is generally
not differentiable, various solutions to address this challenge have been pro-
posed. In some SNN implementations, surrogate gradients [7] or spatiotem-
poral backpropagation algorithms [10] are used to bypass the mathematical
problem by replacing the derivatives with known values. However, these
backpropagation based learning rules lack biological motivation. The most
notable biologial learning rule in SNNs is spike-timing dependent plasticity
(STDP), where synaptic weights are continuously determined based on the
causality of input and output spikes in the history of the synapse [7]. In
essence, if an output signal is detected before an input signal, the input can-
not be accountable for the output. A software-based STDP synapse can also
be supported by a backpropagation algorithm since these two are not mu-
tually exclusive [7], but for the sake of simple hardware solutions STDP is
more popular as a standalone learning rule to for hardware solutions. This
includes implementations with ferroelectric devices [11].

As will be explored in more detail in section 3.4, ferroelectric hafnia-based
devices suit neuromorphic and spiking neural network applications well. The
intriguing and intricate physics and electrical behaviour of these devices can
be harnessed for both neural and synaptic functions, whether in the form of
arrays or more complex network structures. For instnace, a simple LIF neu-
ron model can be implemented using the accumulative switching behaviour
of FTJs [12] or as a more complex circuit of FeFETs [10]. The intrinsic
stochasticity arising from domain formation and movement in polycrystalline
ferroelectrics can be beneficial for neuromorphic applications that require
a degree of stochasticity. Typically, these applications involve low-energy,
adequate-accuracy applications, where making correct predictions only most
of the time is required. While software-based DNN models with gradient
descent can achieve higher accuracies, the trade-off in terms of enormous
energy consumption makes them less desirable for low-energy applications.
This is where SNNs come into play to replace their predecessors.



Chapter 3

Ferroelectricity in HZO thin films

Modern computing technologies rely on careful and effective engineering of
millions of tiny transistors that perform logic and memory operations, densely
packed on a chip. The sizing of transistors has reduced at an exponential
rate following the Moore’s law since the 1950s. Prior to the release of the
45-nm node around 2007, the then-standard planar transistor type would
have directly scaled to include a silion oxide (SiO,) layer thinner than one
nanometer, equivalent to about three monolayers. In films as thin as this,
quantum effects, such as tunneling, lead into high leakage, significantly lim-
iting and altering the functionality of the device. The implementation of the
45-nanometer node by Intel Corp marked not only a scale reduction in tran-
sistors but also a pivotal shift from SiO, to hafnium oxide as the dielectric
material [13]. This was before the discovery of ferroelectricity in hafnium.
Instead, hafnium oxide was implemented due to its significantly higher di-
electric constant compared to the conventional SiO,. In the metal-oxide-
semiconductor field-effect transistor (MOSFET), the metal-oxide functions
as a dielectric layer. Subsequently, the transistor technology has advanced
at the incredibly high pace, instructed by the Moore’s law, with planar tran-
sistor type has evolving into 3D structures like FinFETs in the latest nodes
[2]. However, due to the high cost associated with the current 3-nm node,
many applications continue to utilize the older nodes. The introduction of
hafnium into the semiconductor industry was initially driven by its high-k
dielectric properties in planar transistors.

The selection of materials suitable for the gate stack is subject to major
limitations: the fabrication temperatures need to be silicon-compatible and
as low as 400 Celsius. Additionally, the films must be thin, and the bandgap
of the dielectric should be reasonably sized. Hafnium oxide HfO,, as well as
zirconium oxide ZrQO,, possess these desirable qualities, making them highly
sought-after materials for the gate stack as dielectrics [14]. After HfO, had

11
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been employed as a gate oxide at the commercial level, the orthorombic
crystal phase of hafnium oxide was discovered to exhibit ferroelectric prop-
erties in 2011 [15]. To control the FE behaviour in HfO,, various dopants
[16], amounts of oxygen vacancies [17] and mixtures [2], [16] have been ex-
plored, each having its pros and cons. Hafnium zirconium oxide Hf,Zr; O,
in different ratios has shown promising properties for applications like neu-
romorphic computing and non-volatile memories [2], [16]. In this work, the
ratio Hfy 5Zr; 50, (HZO) will be examined and experimented upon, referred
to as HZO.

The IEEE standard 180 [18] defines ferroelectric materials by outlining
the requirements for a material to be considered ferroelectric. A material
must exhibit spontaneous electric polarization, which can be reversed with
an applied electric field. Ferroelectric materials are a subset of piezoelec-
tric materials, which under physical displacement create an internal electric
field, a displacement field. Among the piezoelectric crystal classes, ten can
exhibit the spontaneous electrical polarization defining ferroelectricity [18].
Notably, more than just the orthorombic crystal phase of hafnium oxide has
been reported to exhibit ferroelectric properties [8]. Ferroelectricity will be
discussed further in section 3.1, and various models used to simulate ferro-
electric hysteresis are introduced in section 3.2.

Conventional examples of ferroelectric materials include perovskites, the
ferroelectricity of which has long been a subject of research [19]. An in-
stance of a ferroelectric perovskite is PbZr; ,Ti,O5 (PZT), which has ap-
plications in flexible ferroelectric sensors [20]. However, ferroelectric per-
ovskites present challeges such as complimentary metal-oxide semiconductor
(CMOS)-incompatible manufacturing temperatures and difficulties in main-
taining ferroelectricity in thin films. Issues araising from device scaling and
the resulting need for high operating voltages have prohibited using per-
ovskites as efficient ferroelectric devices [2]. The perovskite structure be-
comes non-centrosymmetric in a polarized phase, with one one center atom
displaced in the polarization process. In contrast, the crystal structure of
hafnia differs significantly from that of a perovskite, as no central atom ex-
ists to be displaced. Instead, four oxygen ions in the unit cell render the
orthorombic crystal highly unsymmetric under displacement. This unique
property allows hafnia to exhibit complex ferroelectric phenomena, which
will be discussed further in section 3.3.

Ferroelectric hafnium can be effectively utilized by incorporating it into
the gate stack of a MOSFET, resulting in what is known as a ferroelectric
field effect transistor. The switching of ferroelectric polarization in these Fe-
FET devices allows them to function as simple memory elements, showcasing
promise for applications in non-volatile memory and neuromorphic comput-
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ing [2], [21]. Apart from FeFETs, other devices based on ferroelectric switch-
ing have also emerged. For instance, ferroelectric tunnel junctions involve an
ultra-thin layer of ferroelectric sandwiched between electrodes, taking ad-
vantage of the tunneling effects prevalent in such thin devices. FTJs have
demonstrated utility in neuromorphic neural and synaptic applications [2].
These hafnium-based devices and their applications are discussed in section
3.4.

3.1 Ferroelectricity

Ferroelectricity is named after its magnetic counterpart, ferromagnetism. De-
spite the name, ferroelectricity is not associated with the electric behaviour of
iron but only with the magnetic behaviour of it [22]. In a magnetic material
subject to an external magnetic field, the molecular magnetic dipoles align
themselves with the field, resulting in magnetization. In non-ferromagnetic
materials, these dipoles lose their structured orientation once removed from
the external magnetic field. On the contrary, ferromagnetic materials retain
their magnetization even after the field is removed. To remove the magne-
tization, the material must be heated to a high temperature, known as the
Curie temperature, T..

Ferroelectrics are directly analogous to ferromagnetism. When a ferro-
electric material is subjected to an external electric field, the electric dipoles
or bound charges within the material align themselves with or against the
field. Upon removal of the external field, the electric dipoles do not sponta-
neously relax; instead, they freeze in place, resulting in the material becom-
ing polarized. Polarization, denoted as P, is defined as the dipole moment
per unit volume [23]. However, for thin films a more relevant perspective is
to consider the dipole moment per unit area [24]. Ferroelectricity requires
a non-centrosymmetric crystal structure, where the displacement of atoms
within the structure creates an internal electric field, constituting a thermo-
dynamically stable state. The displaced atoms within cells represent bound
charges, while conducting electrons, holes, or ions constitute free charges.
Rather than analyzing individual charges, a more comprehensive material-
level examination is achieved by considering charge densities, providing an
understanding of the total electrical behaviour.

The bound charge density phounq in the material produces an electric field,
which defines the polarization as

Pbound = -V PJ (31)

where V- denotes the divergence operator [23]. When a dielectric material
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is subject to an external electric field, the electric field inside the material
includes contributions from both the bound and free charges (density pfree),
the effect of which is seen as current in the material. Within the dielectric,

P = Pbound T Prree; (32)
where p is the total charge density. According to Gauss’s law,
E0v -E = P = Pbound + Pfree (33)

where €y is vacuum permittivity and F is the total external electric field. By
substituting equation 3.1,

&V -E=-V- P+ Prree- (34)

From this, a displacement field can be defined by combining the divergence
terms

V- (60E + P) = prree (3.5)
v - D= Pfree; (36)

where
D =¢FE + P. (3.7)

By utilizing the definition of current as the time derivative of charge, the
next section provides a method for measuring polarization. While there are
also bound surface charges, this derivation of polarization is presented with
charge volume density to maintain a more general perspective [23].

In complex lattice structures, such as in HZO, various geometry phases ex-
ist, some of which are ferroelectric. In hafnium, the most extensively studied
ferroelectric crystal phase is the orthorombic Pca2;. However, intermediate
phases like o-(Pnm2;) or the rhombohedral R3m also exhibit ferroelectric
properties [8]. A material is called polycrystalline when it contains multiple
different crystalline phases. The crystals, differing in phase and size, are
called grains when in a similar neighborhood to themselves. Grains are sep-
arated by grain boundaries. Maximizing the presence of ferroelectric phases
in as many grains as possible is important in applications requiring strong
ferroelectric properties. In crystals like hafnium exhibiting multiple different
ferroelectric phases within the same material, variation on the phase can lead
into complex ferroelectric behaviour.
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Figure 3.1: Simplified visualization of ferroelectric domains in a material.

The grains composed of some ferroelectric crystal phase are not entirely
uniform even within the ferroelectric grains. The polarization directions of
the crystals do not align uniformly. When a cluster of neighbouring unit
cells switches into the same polarization, a ferroelectric domain is nucleated.
Domains occur spontaneously at defect points and other non-uniformities
[8]. These domains have a total polarization that usually differs from the
neighbouring domains. The boundaries separating domains are referred to as
domain walls. Fig. 3.1 illustrates a simplified representations of the domains
in a ferroelectric material. The formation and movement of domain walls
are crucial for the physical understanding of ferroelectrics. The dynamics of
domain walls in ferroelectric hafnium differ from those in more conventional
perovskite ferroelectrics, and more thorough research of them is needed in
the future for better understanding [8].

The ferroelectric domains persist after nucleation, even in the absence of
an external electric field. The introduction of an external electric field induces
movement and bending of the domain walls [25]. Domain wall movement
is limited by so-called pinning sites, which are points in the material with
defects or other nonhomogenities. In essence, both the intrinsic material
properties and the fabrication process influence the ferroelectric behaviour of
the material. There exists a theoretical limit to the number of these domains
in the material, and the highest possible value of polarization is defined as
the ideal saturation polarization, Py, with no pinning or nucleation sites.

3.1.1 Measuring polarization

Polarization cannot be directly measured;instead, it has to be computed from
other measurable quantities. The calculation involves integrating the output
current resulting of known input voltage applied across the material. The
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internal state of polarization P, and the external electric field E are summed
to define a displacement field D like before,

D=cE+ P, (3.8)

where ¢ is vacuum permittivity. The displacement field from equation (3.6)
can be expressed in an integral from according to Gauss’s law

fp.da:@f, (3.9)

where a is the volume within which the free charge @) is enclosed [23].
Assuming that D, E and P point all in the same direction [18], the equation
can be written in scalar form, and utilizing the definition of current as time

derivative of charge,
_ Qr _ [ I(t)dt

A A
where A is the area of the device, ¢ is time, and I(t) is the output current
of the device [24]. To solve the polarization, a method called positive-up-
negative-down or PUND, which was originally described in [26], can be used
to subtract the electric field contribution to the displacement field. In PUND,
two positive and two negative voltage pulses are given as input, and the
respective changes in current are measured. The voltage spikes are shown
in Fig. 3.2. The first positive pulse (P) switches the polarization state to
positive. The displacement field is according to equation 3.8,

D

(3.10)

DPZEOEP+PP, (311)

where the index P denotes the P-pulse. The measured current creates a
spike as the polarization switches. The second positive pulse (U) cannot
change the polarization, as the polarization is already positive. Thus, only
the dielectric behaviour contributes to the displacement field,

DU = €0EU7 (312)

where the index U denotes the U-pulse. This creates a smaller positive
spike in current. The input voltages of the pulses are equal to each other,
Ep = Ey. The current of the U-pulse is then subtracted from the P-pulse:

I(t) = Ip(t) — Ip(t), (3.13)
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Figure 3.2: On the left, the voltage spikes needed for PUND. On the right, the
current after PUND subtraction is shown on the left y-axis and the integral of it
on the right y-axis.

where the indexes are defined as they were before. With this solved current,
equation (3.10) becomes

JUp(t) = Iy(t))dt

v — Dp— Dy (3.14)
:EQEP+PP—€0EU (315)
= Pp=P. (3.16)

With the PUND technique, the leakage contribution is eliminated and
the polarization can be calculated more accurately. Although there are some
leakage and non-idealities present, the technique ensures capturing mainly
the polarization contribution to the effective dielectric field. This is achieved
by subtracting current signals from each other, not only removing the di-
electric contribution but also reducing the measured leakage. The first spike
provides total device current while the second one only includes leakage. By
subtracting the leakage component from the total, only polarization current
is calculated and integrated to find polarization charge. The same procedure
is repeated with two positive and two negative voltage pulses to measure
the negative-to-positive and the positive-to-negative polarization switching,
respectively. When the measured polarization is plotted against the input
voltage, the resulting polarization-voltage (P-V) curve forms a skewed loop
that saturates at the ends. The shape of the curve is shown in Fig. 3.2. It
is noteworthy that with the PUND technique, the left and right sides of the
polarization are computed separately, resulting in a curve that is not closed
at the highest and lowest points.

Ferroelectric polarization is commonly represented through polarization-
electric field (P-E) loops (like in Fig. 3.2), as voltage and electric field not
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always equal quantities. Calculating the gradient of the electric field can
be a tedious task. Fortunately, ferroelectric devices can be approximated as
parallel-plate capacitors, so the electric field E' can be determined from the
thickness of the material d and the applied voltage, V' using equation

E = i (3.17)
where the vector field is reduced into a scalar electric field strength, assuming
a homogeneous total electric field inside the material. This equation estab-
lishes a connection between the polarization measurements with the thickness
of the device, a crucial variable in the manufacturing process.

Polarization is at times measured directly through polarization-voltage
measurements, where the dielectric contribution of ¢yF is not taken into
consideration, and the assumption D ~ P is made [24]. This approach
results in hysteresis curves that are often more skewed than those obtained
with PUND technique. An explanation is that the effect of Fej is both in the
P and FE axes, introducing a linear dependency in addition to the ferroelectric
hysteresis curve. While these measurements can be useful for examining the
polarization, they may be less suitable for simulating polarization switching,
where the contribution of E is a major consideration.

3.1.2 Interpreting hysteresis curves

Hysteresis curves, whether P-E or P-V, form the basis for analyzing hysteresis
effects. Ferroelectric polarization behaviour is very distinct from that of
other electrical components. While polarization is not directly measurable
from current, the cumulative charge can be approximated as polarization
to develop intuition around reading ferroelectric hysteresis curves [22]. The
behaviour of different basic electric devices is demonstrated in Fig. 3.3. In
ideal linear capacitors, the accumulated charge is linearly proportional to the
applied electric field. The slope of the linear line is related to the capacitance
of the capacitor. In an ideal resistor, the response is circular, as voltage and
current are in phase [22]. The area inside the circle is proportional to the
loss of the device. In a lossy capacitor, both the resistance and capacitance
affect the shape of the curve. Ferroelectric response is distinctively different
from that of a lossy capacitor due to the saturation regions at the ends.
Once all the domains point in the same direction, the polarization cannot
increase anymore, and the curve plateaus at high enough electric fields. The
response of a lossy capacitor is sometimes misidentified as ferroelectric, so
understanding the different hysteresis curves is important [27].
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Figure 3.3: Polarization responses of different electrical components: a) ideal
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linear capacitor, b) ideal resistor, c) lossy capacitor, d) ferroelectric responce.

On the x-axis, is the applied voltage and thus electric field. The y-axis corre-
sponds to the charge and thus polarization.

Ferroelectric materials exhibit spontaneous polarization, which persists
even in absence of an applied electric field. The polarization that remains
in the material at zero electric field is referred to as remanent polarization,
denoted with P, [18]. This characteristic holds significance as a key property
of a ferroelectric material and is often employed as a figure of merit [22]. In
Fig. 3.4, remanent polarization is the polarization at the top of the measured
curve. Due to the measurement approach where curves on the positive and
negative side of the electric field are not connected, the remanent polarization
value is interpolated with the higher curve in the figure. The remanent
polarization serves as a straightforward metric for comparing polarization in
various material conditions.

Other vital characteristics for comparing ferroelectric hysteresis curves
are called coercive fields. These are defined as the electric field required to
switch the polarization from P = |P.| into P = 0 [18]. Specifically, they
are denoted as Ef and E, representing the positive coercive field on the
positive side and negative on the negative side, as shown in Fig. 3.4. A
crucial characteristic and figure of merit determined by the coercive field
values for ferroelectric devices is the memory window (MW) of a hysteresis
curve. It is defined as the separation of the low and high polarization states
in the hysteresis curve by the equation

MW = EF — E, (3.18)

describing the difference in the applied voltage, and consequently the field,
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between the two possible memory states. A sufficiently large memory window
is necessary to ensure reliable separation between the two states. However,
an excessively large memory window increases the required operating voltage
and, consequently, the power consumption of the device [3].

Figure 3.4: A measured hysteresis curve, where the important characteristic
values are emphasized. The unit C/m? converts into the more standardly
used uC/cm? with the equation 0.1C/m? = 10 uC/cm?, so the remanent
polarization value of this curve is about 0.2 C/m? = 20 uC/cm?.

The positive and negative coercive fields are not always equal, a phe-
nomenon known as the imprint effect [28]. The effect results in unsymmet-
rical hysteresis curves with respect to the electric field axis, which is also
present in Fig. 3.4. Various factors contribute to the imprint effect, and
a comprehensive explanation is yet to be established. It can be caused by
unsymmetrical device stack where opposite sides of the ferroelectric interface
with different materials. Another explanation lies in the interface quality on
different sides of the FE layer: atomic layer deposition (ALD) can create a
more even interface surface on one side than the other. This asymmetry may
be attributed to defects forming pinning sites at the interfaces [28]. Addi-
tionally, it can also be associated with migration of oxygen vacancies, which
is less prevalent in low temperatures [11].

Another significant aspect of the hysteresis curve is the area enclosed
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within the curve, which is highlighted in Fig. 3.4. The area under the curve
is related to the losses happening in the polarization switching process, and
it can be referred to as hysteresis loss [22]. In the context of this study, the
width of the hysteresis curve denotes the distance of the coercive field points
along the electric field axis. The height of the curve is similarly the distance
of the remanent polarization points along the polarization axis. In addition
to these points, the area inside the curve is considered.

Ferroelectric materials are classified into soft and hard ferroelectrics, fol-
lowing the logic from their magnetic counterparts. Soft ferroelectrics have
low coercive fields and a shape resembling the letter ’S’, while harder ferro-
electics have higher coercive fields and square-like hysteresis loops[22]. The
combination of lower remanent polarization values and a narrower memory
window in soft ferroelectric materials results in a smaller area under the
curve, indicating reduced losses. However, a small remanent polarization
value means that there is not a big difference between the two possible P,
states. In hard ferroelectrics, the retention is better than in soft ferroelectrics
[29].

3.2 Models for polarization switching

Despite the effort of the scientific community, there is no unifying theory
of ferroelectricity [30]. Instead, a great number of theories for different ap-
plications and devices have been created each highlighting different physical
phenomena and application space. The models can be roughly divided into
three categories: macroscopic, semi-microscopic and microscopic models [25].
Some of the models only describe the time-independent behaviour of polar-
ization with input electric field assuming switching happens instantaneously
while others also include time-dependent behaviour. In this section, some
examples of the most often used models are introduced. Later in the work,
the semi-microscopic Jiles-Atherton model is described and applied in more
detail.

When considering a model for an application, the underlying assumptions
play a key role in the suitability of the model for each application. For exam-
ple, some models assume monocrystalline structures and thus do not yield
accurate results with polycrystalline materials. Most models do not view the
polarization, electric field or displacement field (P,E and D respectively)
as vector fields. Instead, the scalar values are used (P, E and D respec-
tively) and the direction is assumed to be parallel to the applied voltage,
an assumption which is valid in most electrical components. This creates a
better frame to use the values with circuit simulation software, where vector
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fields would increase the complexity of the computations while not increasing
the accuracy significantly. These circuit design software languages are called
hardware description languages (HDL), the two most popular of which are
called VHDL and Verilog. To enable CMOS integration of ferroelectric de-
vices, a HDL compatible model is required to efficiently design circuits with
ferroelectric devices.

For a model to predict the hysteresis accurately, the values of the re-
manent polarization, coercive fields as well as the area under the curve can
be used as error metrics when compared to the experimental measurements.
Since hysteresis curves can exhibit a strong imprint effect making the curve
shift along the electric field axis, both of the coercive field points are worth
looking at separately. All models describing ferroelectricity do not account
for the imprint effect, so in devices where it is of concern, a model that does
account for imprint should be preferred.

3.2.1 Macroscopic models

Macroscopic models are models or theories, which are based on thermody-
namical considerations. The physical phenomena inside the ferroelectric do-
mains are classified as microscopic, and thus not taken into accord in these
models. Furthermore, macroscopic models commonly average over distri-
butions to gain tools for statistical analysis [31]. Macroscopic models are
most commonly used models for ferroelectric switching, as the physics of
ferroelectrics are difficult to describe in detail.

The Landau-Ginzburg-Devonshire (LGD) is a well established macro-
scopic model of ferroelectric domain switching [24]. Tt is based on the thermo-
dynamically motivated Gibbs free-energy, denoted with GG, and has multiple
fittable parameters [32]. Phenomenologically, the model describes a double-
well potential, where two low-energy states are separated by a threshold bar-
rier [24]. The equation relating polarization with electric field is calculated
as the minimum of the Gibbs free-energy density,

E =aP+ P +~P° (3.19)

where «, 5 and v are fittable model parameters [32]. The equation is a high
order polynomial, which means that it can replicate the shape of a hysteresis
curve accurately, but much information about how the material properties
affect the shape of the hysteresis curve cannot be deduced from the parameter
values.

The LGD model cannot be directly applied to solve any time-dependencies.
In device applications, steady-state modelling does not yield enough infor-
mation about the model for most circuit simulation software. To make the
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model more useful for industry applications, the time evolution has been de-
scribed by the Landau-Khalatnikov (LK) model, which builds upon the LGD
[31]. In the LK model, the time-dependency is governed by the equation

dpP

where p is an additional fittable parameter [33]. The LK model can be used to
model the macroscopic time-dependent behaviour of polarization switching
and to compare the parameter values of different materials. The LGD models
do not account for the imprint effect, but there has been development in
including more terms into the model to accurately simulate ferroelectrics
with strong imprint effect [28].

One other commonly used macroscopic group of models is based on the
Preisach theory of hysteresis originating from ferromagnetism [34], which are
referred to as Preisach models. These assume that each single domain has
an independent rectangular hysteresis loop, while the coercive fields of the
single domains are distributed with Gaussian distributions [21]. The single-
domain and multi-domain effects are shown in Fig. 3.5. A superposition of
distributed rectangular loops leads into a soft hysteresis loop, which is the
shape of experimental hysteresis data. The models utilize functions that re-
semble activation functions, which are experimentally calibrated. Most often
used functions are the arcus tangent function [35] and the hyperbolic tangent
[21]. Preisach models are a group of static models, and the time-dependency
has to be included with methods from other models [21]. The number of
fittable parameters in a model is high, since it is related to the chosen width
of the distribution. The models balance between the prediction accuracy and
the computational demand of the increasing number of parameters and the
history of the model.

Another example of a microscopic model is the four-point fit model pre-
sented in [36]. It is based on the assumption that polarization is symmetric
with respect to the electric field, and it includes a fourth order polynomial fit
with non-physical parameters. The model yields a static P-E curve, which
agrees with measurement data when it is fitted with the correct four points
of input, which are related to the coercive field of the experimental data.
It can be useful for replicating known polarization curves, but it does not
enable learning about the physics behind the shape of the curve, since with
a fourth order polynomial fit, any four points can be fitted to perfectly.
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Figure 3.5: Single-domain and multi-domain contributions on the Preisach
model total hysteresis.

3.2.2 Microscopic models

Microscopic models for ferroelectricity describe the physical phenomena hap-
pening inside the domains. This includes bending and translation of the do-
main walls, as well as the effect of defects in the material [31]. Microscopic
models commonly describe changes of individual domains, which unfortu-
nately is impossible if not very difficult to measure. Microscopic models tend
to explain the behaviour of the material without a quantifiable explanation
to compare with experimental data.

A microscopic model called Kolmogorov-Avrami-Ishibashi (KKAI) model
is often used for simulating ferroelectric switching [31]. It is based on the
assumption that the domain walls move slower than nucleation happens.
Normalized time dependency of change in polarization is governed by an
exponenial function

AQgt) —1—exp [— (%)"} (3.21)

where P, is the remanent polarization, ¢y a characteristic switching time re-
lated to the applied electric field, and n the Avrami index related to the
dimensionality of the material [37]. The KAI model performs well with bulk
materials or high-purity epitaxial films [31], where the atomic arrangement
is highly ordered [38]. However, it fails to explain the phenomena in poly-
crystalline thin films, which are easier to fabricate.

Due to the KAI model being inapplicable to thin films, a further theory
has been formulated for thin films. The model is called nucleation limited
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switching (NLS), and it is based on the assumption that nucleation needs
more energy than domain propagation [31]. It relates the switching time to
the applied voltage with the equation

o} 1
tsw = to exXp |:]{,‘B_T V2 :| s (322)
pulse

where % is the minimal time of switching, « is a parameter describing do-
main wall energy, kp is the Bolzmann constant and 7' is the temperature
[24]. The voltage Vpuse is the applied voltage over the film. There are multi-
ple different forms of equations falling under the term of nucleation limited
switching, and but in general the equations follow a form similar to the one
presented here. The NLS model offers an accurate framework to investigate
the switching times of devices, and is one of the most commonly used mod-
els for ferroelectric switching [2]. A large amount of work has been done in
expanding the model to include more intricate ferroelectric behaviour like
two-stage nucleation limited switching, which accounts for domain walls of
different orientations to switch at different times [11].

3.2.3 Semi-microscopic models

Semi-microscopic models combine elements from both microscopic and macro-
scopic models. Some parameter definitions have clear definitions from the
microscopic scale, while others are statistical averages of distributed values.
Semi-microscopic models are currently most promising since they retain in-
formation about the physical properties and their alterations without intro-
ducing an excessive number of parameters [25]. A smaller parameter space
is preferred for circuit simulation software, where the due to scaling of the
systems, computational efficiency is of utmost importance [39].

A promising semi-microscopic model is called the Jiles-Atherton model,
which like many other models presented, originated in describing ferromag-
netic materials [40]. It has since then been converted to describe the ferro-
electric counterpart. There are multiple implementations of the model, with
some slight differences in the main equations [25], [39], [41]. The model is
derived in more detain in section 4.2, but the key assumption of the model is
that the total polarization is the sum of non-hysteretic and hysteretic part.
These can be expressed in terms of irreversible polarization and anhysteretic
polarization with a parameter ¢ to describe polarization reversibility

P =(1-c¢)Py + cPan, (3.23)

where P is the total polarization, P, irreversible polarization and P,,, an-
hysteretic polarization. The anhysteretic polarization is shaped with the
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Langevin equation

L(z) = coth(z) — i, (3.24)

where x is an arbitrary variable. The relationship between the input electric
field contributes to the anhysteretic polarization with

Eeﬂ), (3.25)

a

Pup = P.L(

where E.g is an effective electric field proportional to the input electric field.
The irreversible part of polarization is described by a differential equation,
which is dependent on the time-derivative of the input electric field and the
anhysteretic polarization. The differential equation can be solved numeri-
cally, as is done in section 4.

The model has five fittable parameters, and is able to reproduce exper-
imental results for different materials [25], [39], [41]. The parameters are
polarization reversibility ¢, pinning loss k, density of domain walls a, inter-
domain coupling «, and saturation polarization P;. The parameters are phys-
ically motivated, and they can be used to develop a deeper understanding of
what affects the hysteresis curve. For example, the pinning loss parameter,
k, is related to the number of pinning sites [25], which is dependent on the
number of defects in the material. Conventionally, these parameters are fit-
ted with a least squares method, but after finding approximate values for the
parameters, they can be used to better understand and control the operation
conditions of the devices [39)].

3.3 Hafnium oxide

All ferroelectric materials exhibit a non-centrosymmetric structure where
centers of charge can get moved with respect to the rest of the structure,
forming a stable material state [16]. Hafnium oxide, or hafnia, forms a fluo-
rite crystal structure as depicted in Fig. 3.6. Hafnia is often referred to as a
high-k or high-+x material due to its high dielectric constant in the tetragonal
and cubic phases. This has led to its use in transistor gate stacks as a dielec-
tric layer to address the challenges associated with scaling [42]. Ferroelectric-
ity of hafnia was reported originally in the intermediate orthorombic phase
Pca2; in 2011 [15], a geometry group also mentioned in the IEEE standard
for ferroelectrics [18]. In polycrystalline hafnium oxide, multiple such crys-
talline phases coexist, and higher ratios of ferroelectric to non-ferroelectric
phases are desirable to amplify the ferroelecric properties of the material.
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Currently, there are reports of a handful of crystal phases that exhibit ferro-
electric properties [8], and ferroelectricity is also present in epitaxially grown
thin films, not only in polycrystalline ones [11].

Figure 3.6: The crystal structure of cubic hafnia plotted with the tools from
[43]. The blue spheres correspond to Hf** and the red to O* atoms.

Several methods have been reported for controlling the crystallization
and thus to engineering hte ferroelectric properties of hafnium oxide. One
approach involves controlling the oxygen vacancies in the undoped hafnium
oxide. However, managing the oxygen vacancies during the fabrication pro-
cess can be challenging, as the ferroelectric phases are sensitive to transform
into non-ferroelectric phases under too high oxygen content [17]. Another
strategy is to introduce dopants into the material, with different dopants
leading into different behaviour and requiring specific fabrication conditions
[16]. Some dopants have CMOS incompatible annealing or manufacturing
temperatures [16], and thus have to be excluded from CMOS compatible ap-
plications. Hafnium has also shown pristine ferroelectric properties with a
low thermal budget when mixed with zirconium into an oxide [44]. Annealing
temperatures lower than 400 degrees Celsius have been reported to produce
orthorombic phases [2]. Different ratios of hafnium and zirconium oxide have
been used, and in this work Hf, 571y 50, is used for the experimental data.

Ferroelectric hafnium oxide, compared to conventional ferroelectrics like
perovskites, exhibits significantly high coercive fields [2], which in memory
applications defines the memory window. A sufficiently large memory win-
dow is desirable as it increases the distinction between the two states, making
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the memory more stable. However, a memory window larger than the circuit
driving voltage is problematic, as a voltage converter would be required to
switch the voltage, which is the main purpose of the device. Films of hafnia
can be fabricated as thin as 5 nanometers while still maintaining the ferro-
electric orthorombic phases [42], and this high scalability has increased the
interest of researching the material. Since hafnium has already been used for
industry-scale MOSFET manufacturing as a dielectric in the gate stack, the
manufacturing devices and know-how on controlling the fabrication process
already exist, making it promising not only due to its physical properties but
also on the manufacturing side.

Ferroelectric hafnium can exhibit complex ferroelectric behaviour, where
the device needs to be woken up. Need for wake-up is usually observed as
the measured current showing two or more separate spikes when plotted with
respect to the input voltage. There is no clearly agreed-upon singular reason
for the need of wake-up, but it can be attributed to trapping or de-trapping
of electrons at the interfaces of the electrodes and also on redistribution of
oxygen vacancies, both of which lead into de-pinning of domains [45]. One
possible cause can be the multiple ferroelectric phases in the polycrystalline
material some of which switch at lower electric fields than others. This
leads into multiple distributions of polarization fields in terms of the Preisach
models. In other works with HZO capacitors with the same ratio of hafnium
and zirconium, there are notable wake-up periods after which the device
switching stabilizes [46]. In this work, the measured devices exhibited little
to no need for wake-up in ambient temperatures based on the device stack
used. The term wake-up will be used later in this work to refer to the
process of improper wake-up of the devices. At low temperatures, the wake-
up behaviour was more significant and is discussed more in section 6.5, where
these double peaks are reported.

The ferroelectricity in hafnium oxide is distinct from that of perovskites
or other conventionally used ferroelectric materials. The high coercive fields,
low fabrication temperatures, and large remanent polarization values make
it an important material to harness its full capabilities. There are also
other positive reasons for using hafnium-zirconium-based devices instead of
perovskite-based ones. Conventional perovskite oxides are often not envi-
ronmentally friendly as they can contain harmful elements like lead [2] but
hafnium and zirconium are not considered to be toxic to humans, and the
ecological health concerns are minimal for aquatic environment and soils [47].
The high scalability of ultrathin hafnium allows for a lower energy consump-
tion in swithcing the polarization when compared with the thicker perovskite
counterparts.
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3.4 HfO,-based ferroelectric devices

While a block or film made of a ferroelectric material has interesting physics
to study, more concrete applications for ferroelectricity in hafnia involve de-
vices with the ferroelectric material as a component. Contemporary com-
puting devices are based on semiconductors, mostly silicon. Ferroelectric
hafnium can be fabricated at temperatures compatible with silicon, and since
hafnia has already been used in the gate stack even before its ferroelectric
properties were found [14], the fabrication and manufacturing infrastructure
already exists. This has lead into semiconductor-compatible ferroelectric
hafnium based-devices emerging and gaining popularity as a research topic.
Ferroelectric behaviour like polarization switching, retention, and relaxation
have opened up a novel way of designing low-power analog devices for neu-
romorphic computing [2].

An important consideration of integrating ferroelectric materials with
complementary metal-oxide—semiconductor technology is the part of the fab-
rication process in which the integration can be done. The two terms describ-
ing the different parts of the process are front-end-of-line (FEOL) and back-
end-of-line (BEOL). FEOL refers to the semiconductor fabrication process
before the dicing of the wafers, while BEOL is everything that follows. FEOL
consists of depositing and etching different materials according to masks de-
signed with circuit design tools. BEOL consists in general of wire bonding,
testing and packaging the chips. Ferroelectric (FE) devices such as FeERAM
and FeFETs are BEOL and FEOL compatible, as these can be fabricated in
temperatures lower than 500 degrees Celsius [2]. FEOL compatible FeETs
have been reported to have low endurance, while BEOL integrated capac-
itors have large surface area, which lowers the possible memory density of
the chip [48]. Before the ferroelectric properties of hafnium oxide were found,
known ferroelectrics such as lead based perovskites, had CMOS incompatible
fabrication temperatures.

In the leftmost panel a) in Fig. 3.7, a conventional MOSFET is depicted.
The gate stack consists of multiple different layers, but for simplicity is shown
with a singular color. To create a FeFET, a ferroelectric material should be
incorporated as a part the gate stack. This is shown in panel b) of the
figure. Another possible device structure for ferroelectrics is shown in panel
¢). In this configuration, the ferroelectric layer is positioned between two
electrodes. The structure is that of a ferroelectric capacitor. However, if the
ferroelectric layer is thin enough for tunneling effects to be prevalent and
harnessed, the device is referred to as a ferroelectric tunnel junction. Each
of these presented ferroelectric devices will be gone through in this section.
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Figure 3.7: In @) a conventional FET, and in b) a FeFET. The difference is
in the ferroelectric material layered onto the gate stack. In c) the structure is
either a ferroelectric capacitor or ferroelectric tunnel junction depending on the
thickness of the FE layer. In d), a BEOL-compatible MFIS FE capacitor used
in this work connected into a conventional FEOL fabricated FET.

3.4.1 FE capacitor

Ferroelectric capacitors are parallel plate capacitors with two metal elec-
trodes separated by a layer of the ferroelectric material. They are alike any
capacitor devices, but in addition to storing the charge, the ferroelectric
state affects the electric properties of the device. In ferroelectric capacitors,
the polarization state of a capacitor can be switched, which enables storing
charge with less leakage than in normal dielectric capacitors [24]. Ferro-
electric capacitors are most often thick enough so that quantum tunneling
effects do not create large leakage on the devices, which as a rule of thumb
includes thicknesses over 5 nm. Hafnium-based ferroelectric capacitors have
been shown exude ferroelectric properties at such thin layers, which is why
they are called thin film capacitors at those low thicknesses.

Ferroelectric capacitors have been reported to exhibit negative capaci-
tance, which is based on the energy stored in the crystal phase transforma-
tion causing polarization. The state of negative capacitance is not stable.
It can be seen as the voltage over the ferroelectric capacitor decreasing as
a voltage pulse is applied to change the polarization state [49]. Engineer-
ing transistor solutions with negative capacitance enables them to be used
to induce fast switching with low energy [24], which is normally limited by
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the Boltzmann distribution of electrons [50], sometimes referred to as the
Boltzmann tyranny [24]. This negative capacitance is most notable in high
zirconium levels of Hf, Zr, ;05 polycrystalline films [51].

In this study, metal-ferroelectric-insulator-semiconductor or MFIS capac-
itors with Hf 571,50, layer of thickness 10 nm are modelled and validated
with experimental data. The BEOL-compatibility and the MFIS structure
are depicted in panel d) of Fig. 3.7. Understanding the behaviour of the
capacitors is useful for integrating ferroelectric capacitors into circuits, but
also an important step towards modelling other complex FE devices. In
FeRAM, properties of the FE capacitor connected into the transistor are
crucial in controlling the device behaviour. In FeFETSs, the operating princi-
ples of semiconductor devices are incredibly complicated by themselves and
adding ferroelectricity on top of the model requires thorough knowledge of the
FE behaviour. In FTJs, understanding the ferroelectric behaviour without
prevalent quantum effects provides a distinction between the FE behaviour
and the quantum mechanical tunneling. Therefore, capacitors are used to
first gain understanding of the ferroelectric layer in simpler operating con-
ditions. The MFIS capacitor structure emulates the gate stack of a FeFET,
and an asymmetric electrode configuration is suitable for FTJs as well.

3.4.2 FeRAM

A ferroelectric random access memory (FeRAM) unit consists of a ferroelec-
tric capacitor storing a charge state while a FET connected to it works like
a switch. A one-transistor-one-capacitor (1T-1C) FeRAM cell consists of the
device in Fig. 3.7 a) connected from the source or drain to the capacitor
shown in Fig. 3.7 ¢). FeRAMs are robust in operation, but they take up
large areas in electric circuits where the area on chip is limited and valuable.
They in addition require large operating voltages, which is disadvantageous
for energy efficient operation [2]. The data retention of FeRAMs faces prob-
lems with the access transistor leaking, but the charge stored in the capacitor
is in principle non-volatile unlike in DRAM, where the data is stored in a
dielectric capacitor [24].

Since FeRAM cells do not necessarily consist of ferroelectric material de-
posited onto a silicon substrate, in the past these memory cells have been
created from silicon-incompatible ferroelectric materials, like perovskites [52].
The technology has been under development and commercially available for a
relatively long time, a significant example of which is that the Sony PlaySta-
tion 2 released in the year 2000 included FeRAMs [53]. However, the required
scalability for area and power efficieny has not been overcome and is under
active development as HfO,-based devices have gained more interest [54].



CHAPTER 3. FERROELECTRICITY IN HZO THIN FILMS 32

3.4.3 FeFET

Ferroelectric field effect transistors are built upon the technology used in
metal-oxide-semiconductor field-effect transistors. MOSFETSs are four termi-
nal devices, where two of the terminals are connected to each other, making
them effectively three terminal devices. There are two types of MOSFETS,
called NMOS and PMOS named after the doping of the semiconductor used
in the drain and source regions. To enable current flow between the source
and the drain, a voltage should be applied at the gate. In a conventional
field-effect transistor (FET), there is a dielectric layer separating the voltage
at the gate terminal from the body of the semiconductor device. There are
also often other layers stacked at the gate, and this is called the gate stack
[55]. In a ferroelectric FET, the gate stack includes a ferroelectric material
instead of a dielectric layer, like is shown in Fig. 3.7. In addition to the pre-
sented way to implement ferroelectric planar transistors, more complicated
3D nanostructures such as FinFETs or gate-all-around (GAA) FETs can
be done incorporating hafnium, but problems related to scaling still prevail
[8]. Since there is a ferroelectric layer at the gate stack, the gate voltage
can be used to control the polarization state of the FE layer. The different
polarization states induce different transistor threshold voltages [24]. This
means that polarization can be used to control the effective conductance of
the transistor channel, thus by modifying the FE polarization, the device can
work as a memristor. FeFETs are simple three-terminal devices that can be
used and fabricated in integration with CMOS hardware.

FeFETs are a promising device for NVMs as they have a sufficiently large
Rorr/Ron-ratio. However, they can exhibit large device-to-device variation,
as the technology is still novel [56]. The device-to-device variation of the ca-
pacitor part is analyzed and evaluated in this work in chapter 6. The cycling
endurance of state-of-the-art FeFETs is better than that of flash memories,
which are the current standard for non-volatile memories. Ferroelectric FETs
are also more energy efficient than flash memories making FeFETs a com-
petitive challenger to the flash memories dominating the market [24]. Since
the development of FeFETs has only in the recent decade been significantly
studied, there are still many problems to overcome.

In addition to simple non-volatile memories, FeFETs have promising
properties for neuromorphic computing applications as synapses and neurons.
The non-volatile gradual switching in hafnia-based FeFETs has been used to
emulate synapses, where the synaptic weights are updated via subsequent
switching pulses [57]. The ferroelectric behaviour can be utilized to emu-
late synaptic plasticity behaviour via long term potentiation and depression
as well as spike-timing dependent plasticity [58]. Ferroelectric accumulative
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switching can be used to mimic neuronal dynamics like leaky integrate-and-
fire neurons. This has been proposed and demonstrated for HZO [10], [59].
In neuromorphic computing applications, low memory state retention can be
used as a feature of learning instead of viewing it a problem to be faced.
FE devices are still largely under development, but neuromorphic computing
architectures are aiming at turning these problems into advantages.

3.44 FTJ

Ferroelectric tunnel junctions are two-terminal devices, which are structurally
very similar to ferroelectric capacitors. However, ferroelectric tunnel junc-
tions are thinner than the devices used as capacitors. They are usually around
5 nanometers thick or less, which is called an ultrathin layer. In ultrathin
films quantum-mechanical tunneling affects the electronic conduction [60].
The two electrodes sandwiching the ferroelectric materials are made from
different metals, or a metal and a semiconductors, which creates an asym-
metric potential barrier in the two directions [2]. When sufficient voltage is
applied over the device, the FE layer polarizes according to the direction of
voltage. This leads into two distinct operation states, where the tunneling
probability is either high or low corresponding to the on and off-states of the
device. The asymmetric potential barrier is further altered with the direc-
tion of the polarization in the device. This results in multiple intermediate
resistance states in the F'T'Js, as the tunneling probability can be altered by
changing the polarization [61]. A lower energy barrier means the likelihood
of an electron passing it is higher than it is for high barriers. These interme-
diate states, called tunnel electroresistance states, can be utilized as memory
devices with undestructive read and write-operations [2].

FTJs have been shown to be useful for binary memories, but also as mem-
ristive devices for neuromorphic applications, including spike-timing depen-
dent plasticity, which mimics synaptic placticity by influencing the synaptic
weight with the timing of pre and post-synaptic voltage pulses [60]. The
NLS model presented earlier has been shown to enable precise modelling of
the STDP behaviour in FTJs with a gradual switching model accounting for
the different grains in the material [62]. Ferroelectric memristors have high
Rorr/Ron ratios, high speed, and low operation energy [60]. The relevant
limitations are in the endurance, cycle-to-cycle variation and device-to-device
variation of the ferroelectric tunnel junctions. The exact working mechanisms
of FTJs are currently not thoroughly understood, and physically motivated
modelling of the devices still needs further research [61].



Chapter 4

Methods

This chapter outlines the methods used for both device fabrication and mea-
surements for the experimental data in section 4.1, and defines the model
used for the simulations in section 4.2. First, the device characteristics and
basic fabrication process are explained. Then, the device stack is presented
and analyzed, after which the annealing process done without losing CMOS
BEOL compatibility is briefly introduced. Furthermore, the electrical mea-
surements conducted to extract data from the fabricated devices are dis-
cussed. Once the fabrication and electrical measurements are introduced,
the physical Jiles-Atherton model is derived. It is the primary method used
in this work, and the results obtained with it are analyzed in later chapters.
The model is semi-microscopic as the derivation includes both analytical and
statistical analysis. At the end of this chapter, the temperature dependency
of the Jiles-Atherton parameters is presented.

4.1 Device characteristics and measurements

In this work, experimental data were aqcuired by measuring ferroelectric thin
film capacitors. These devices consist of an asymmetric stack of films with
different attributes collectively contributing to the total behaviour of the
device. Specifically, the ferroelectric layer is a 9.3 nm thick film composed of
Hf, 5715 50,. The specifications of the other layers in the devices are shown
in Fig. 4.1, including the approximate thickness of each layer. This device
stack is essentially a metal-ferroelectric-insulator-semiconductor capacitor.
The ferroelectric Hfj 5Zr 504 layer was fabricated using atomic layer de-
position, which is the most common fabrication method for ferroelectric HfO
in literature [63]. In ALD, a chemical vapour reacts with precursors to form
an extremely thin layer of the deposited material onto a substrate. Excess

34
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material is subsequently purged after the reaction. The cycle is repeated to
achieve the desired film thickness. Notably, the thin film fabrication process
is highly relevant, as ferroelectric properties such as wake-up, switching time
and retention are significantly affected by the ALD conditions. The deposited
material can be changed in the process easily, and via engineering the ratio of
different materials deposited in each cycle, the doping concentration can be
controlled [8]. In HZO, when the ratio of hafnium and zirconium are equal,
every other deposition cycle is allocated for depositing hafnium oxide and
every other for zirconium oxide.

Au (50 nm)

ALLOL1.2 nm)

HZO (10 nm)
TiN (30 nm)

SiO, (500 nm)

Si (bulk)

Figure 4.1: The device stack of the MFIS capacitor used for the measure-
ments.

The device stack used in this work is the asymmetric | Si | SiO, | TiN |
HZO | AL,O3 | Au |, where the silicon acts as a substrate on which the devices
are fabricated. The top part of the silicon is oxidized to form the SiO, silica
layer, which was used to electrically insulate the conducting Si substrate on
the bottom of the stack. Silicon oxide is a dielectric, which has been shown
to increase the remanent polarization value of HZO [64] and to better the
cycling endurance of HfO devices [65]. Titanium nitride TiN is used to induce
strain via different thermal expansion coefficients during the rapid anneling
and cooling processes, which causes stabilization of the polar orthorombic
phase in HZO. Additionally, TiN is used to produce oxygen vacancies in HfO
to further enhance the ferroelectric properties of it [8]. The aluminium oxide
Al,O3 layer alters the crystallization behaviour improving the polarization
and stability of the device [66]. The top electrode is gold, which is a common
electrode metal in electronics.

The introduction of interfacial layers can enhance the desired character-
istics of the complete device. However, each additional layer contributes to
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higher operating voltages for the devices [8]. This voltage increase is a criti-
cal consideration in gate stack design, especially when aiming for low power
consumption, which is a key objective in the use of these ferroelectric de-
vices. The process of selecting appropriate layers and interfaces is commonly
referred to as interface engineering. The primary motivation behind utiliz-
ing an unsymmetrical MFIS gate stack, as opposed to a metal-ferroelectric-
metal capacitor, is to mimic the gate stack structure found in metal-oxide-
semiconductor (MOS) transistors. This choice eases future integration of the
ferroelectric device and the modelling results into a FeFET.

The devices are fabricated on a silicon wafer, which is then diced into dies.
Ideally, each die would be identical, but in reality there is some device-to-
device variation between and inside these dies. One possible reason includes
inhomogeneity in the fabrication, like the ALD process, which can lead into
minimal difference in the thickness, interface quality or even the chemical
properties of the layers in the devices [8]. HZO capacitors measured in this
work are sized 100 x 100 pym. A TiN layer, on top of the silicon and silicon
oxide, is fabricated with plasma enhanced atomic layer deposition on top of
which the HZO is deposited. Right after the HZO deposition on top of the
TiN, Al,O3 is deposited using ALD without breaking vacuum. In order to
form the ferroelectric orthorombic crystal structure in the HZO layer, the
devices undergo a rapid thermal annealing process (RTA), where the wafer
is heated to a high temperature for a short time. The RTA was done for
30 seconds at 500 degrees Celcius, after which the top gold electrodes are
deposited with thermal evaporation. Worth mentioning is that the 500 degree
temperature does not damage the devices as the annealing temperature is
held for such a short period of time, making the annealing process CMOS
compatible.

Figure 4.2: The given input voltage and measured output current before the
PUND subtraction. The first pulse switches the polarization while the second
one consists of the leakage and dielectric contribution currents.
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The polarization was measured with the PUND technique, detailed in sec-
tion 3.1.1. Simply put, the electric field and leakage current contributions to
the displacement are subtracted away by measuring two voltage spikes, in the
first of which the polarization switches fully. The input voltage pulses were
done using a waveform generator at 1 kHz frequency. To employ the PUND
technique, it is necessary to measure the electric current passing through the
capacitor. Instead of the complex process of fabricating vias into the nanos-
tructure, a technique used in [24] is utilized for most of the measurements in
this work. In the technique, two capacitors are electrically shorted, one to act
as the bottom electrode to measure a third capacitor. This technique enables
measurements at the center of the wafer, and is proposed to be well suited
for most low-frequency measurements [24]. The raw measurement data for
a device is shown in Fig. 4.2, where the input voltage and output current
are illustrated. The corresponding subtracted and smoothed data is shown
in Fig. 3.2. The current is filtered with a Savitzky-Golay or savgol filter, a
numerical smoothing method that reduces noise without creating distortions
in post-processing [67]. While the measurements are done for devices fab-
ricated on the same wafer, they are done in different ambient temperatures
and at different input voltage amplitudes for the pulses.

4.2 Derivation of the Jiles-Atherton model for fer-
roelectrics

This derivation closely follows the approach presented in [25]. The Jiles-
Atherton (JA) model is characterized as quasistatic. Quasistatic approxima-
tions are generally applicable in a wide range of problems, with exceptions
occuring at or near the speed of light [23]. Consequently, the quasistatic
nature of the model does not prohibit its use in situations involving rapid
polarization switching, as actual domain polarization switching does not hap-
pen instantaneously. In the Jiles-Atherton model, ferroelectric crystals are
be considered a lattice of cells. Each of those cells has a permanent dipole
moment with a direction, which is the definition of polarization. Cells that
share the same polarization with neighboring cells form domains. As in equa-
tion (3.1), a displacement field D needs to be introduced, but now only with
respect to the irreversible part of polarization,

D= Py, +&F, (4.1)

which is referred to as the local anhysteretic polarization [68]. The Jiles-
Atherton model describes the total polarization as a weighted sum of anhys-
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teretic polarization and irreversible polarization. For anhysteretic polariza-
tion, the shape of the Langevin equation presented in (3.24) is used, derived
from Boltzmann statistics by assuming isotropic material and allowing the
cell polarizations to point in any spatial direction [25]. Like the films exam-
ined in this work, polycrystalline films are globally isotropic, meaning the
approach with the Langevin equation applies. This results in the following
equation

T.D T
P = P4 [coth (3 ) },

T /) 3T.D
where P, denotes saturation polarization, T" the operating temperature, and
T, the Curie temperature of the material. The Langevin equation is shaped
like an activation function familiar from machine learning models, which
outputs values between -1 and 1. Hence, P, is the maximum value of the
polarization in equation (4.2). If a more simplified shape for the anhysteretic
polarization is needed, the Ising spin model, assuming only two possible
dipole orientations, can be utilized [25].

Domains in the material not only interact with the external field but also
with each other. To introduce coupling between the neighboring domains in
the material, effective displacement field D.g is defined as

(4.2)

Deff =D+ aPirra (43)

where « is a parameter that denotes inter-domain coupling. This assumes
that it is energetically favourable for neighboring domains to have same po-
larization direction [68]. The inter-domain coupling is defined as o = %S,
where Fy a scaling electric field . ‘

It is assumed that the coupling between the ferroelectric domains is only
proportional to the irreversible part of polarization under the assumption
that this equation is used to update the displacement field [68]. When con-
sidering effective displacement field in a constant temperature, equation (4.2)
can be rewritten as

D,
Py = Ps[coth< H) _ 4 ] (4.4)
a Deﬁ‘

where a = % is a parameter called domain wall density [41] or an anhys-

teretic shape parameter [39], [68]. It is also dependent on the scaling electric
field, which cannot be measured, leaving a as a fittable parameter as well
[25].

The anhysteretic part of polarization is the total polarization in an ideal
case where the polarized domains can move in an unimpeded manner with
no pinning sites [25]. In real materials, there are certain pinning sites, which
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require the domain walls not only to expand but to bend and translate. The
Jiles-Atherton model assumes that the energy required to move the domain
wall is proportional to the energy required to align the dipole moments.
Domain movement is the same as overcoming the pinning sites which keep
the domain wall in place. The energy required to break pinning sites (Epin)
can be expressed as

P P
&m:—"gﬁ/"dpz—k/ dp, (4.5)
2p o 0

where (&) is the average energy of 180-degree domain walls, n is the average
density of pinning sites, and p is the length of the dipole moment vector
per unit volume. These 180-degree domain walls are those where the angle
between the polarization directions on the opposite sides of the wall are sep-
arated by 180-degrees [69], corresponding to full positive or negative domain
polarization. With the parts combined, the next parameter gets introduced
as k = ”<25p”>, which is called the macroscopic average pinning loss. The num-
ber of domains and the average energy are not measurable quantities, leaving
k also a fittable model parameter.

The work needed to charge a dielectric capacitor, W, regardless of its

linearity can be expressed as

mV:/@DyEw, (4.6)

where 7 is the time to charge the capacitor [23]. This can be further expressed
as

D
w:/ E.dD, (4.7)
0

where w is the energy required to create a field at a point [25]. By using
the definition of the displacement field in equation (4.1), the equation can be
written as
1 [P 1 [P
w=— D-dD——/ P-dD, (4.8)
€ Jo € Jo
and the first term vanishes over a full cycle. Instead of the pure displacement
field, the effective field described in equation (4.3) should be included here,
which leads into the form
1 D
w=— P -dD., (4.9)

60 0

which is analogous to that formulated by Jiles and Atherton [25].



CHAPTER 4. METHODS 40

The irreversible polarization energy can be written as the pinning losses
from equation (4.5) subtracted from the ideal anhysteretic case P,y in scalar
form, yielding the equation

1 D 1 Deg Degr dP
- Rrr De 'dDe = Pan De 'dDe - k -
= [ PatDw-aDa = = [ (DD /0 =

dDeg, (4.10)

where P, is the irreversible polarization. Differentiating both sides and
reordering the terms,

d-Pirr
dDeH 7

where 0 = sign(dD) is added to ensure that breaking pinning sites opposes
change in polarization. The differential dD.g can be solved from the defini-
tion in equation (4.3) into form

Pyon — P = d€ok (4.11)

dDeg = dD + ad Py, (4.12)

and when inserted into equation (4.11) the differential of the irreversible
polarization can be solved,

dD(Pan — Pir) + ad Py (Pant — Pir) = 0€0kd Py

dD(Paun — Pir) = AP (de0k — a(Pann — Pir))
Ponh — Py

degk — Oé(Panh - Pirr)

(4.13)

dPirr = dD7

which is the form where the equation can be used to solve the time-development

of the irreversible polarization.
The total polarization is a sum of reversible and irreversible polarization

P = -Pirr + Preva (414)

where P, denotes the reversible polarization, which is due to domain wall
bending in response to pressure exerted by the energy required to rotate the
direction of domain polarization. More details are presented in [25] and in the
original work by Jiles and Atherton, [40]. After a first order approximation,
the total polarization is of form

P = Pirr + C(Panh - Pirr)

4.15
= (1_0)-Pirr+cpanha ( )

where Prey = ¢(Pann — Py after the approximation. Here, ¢ denotes a param-
eter called polarization reversibility, which is proportional to the magnitude
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of the domain polarization of one domain, the parameter «, ¢g, and sur-
face energy of the domain. Since ¢ has many empirically and theoretically
unknown quantities it is dependent on, it should be treated as a fittable
parameter.

Finally, all five fittable parameters have been introduced. Some have
clear empirically motivated definitions (P;) while others consist of multiple
different unknown quantities (k, ¢). The full model consists of a differential
equation, which can be solved with respect to time by utilizing a compu-
tational method for solving differential equations. These include the very
simple Euler method, the more expanded Runge-Kutta methods and the
thorough leapfrog method [70]. This work utilizes the Euler method, as
change in polarization is relatively slow. The Euler method is used to solve
the time-development of the irreversible polarization with the equation

dPiI'I'

Pirrt:Pirrt_At
(1) = Pt~ 2y + 0

(1), (4.16)

where At is the time between the measurement points. The equations used
for the simulation are collected into Table 4.1. The vacuum permittivity
€p in algorithm step 5. has been omitted into the fittable parameter k& for
scaling. The equations could be combined and inserted into each other, but
for clarity and ease of implementation inside a for-loop, they are presented
here separately. The units of the parameters are [a] = C/m?, [a] = 1,
[k] = C/m?, [P] = C/m? and [c] = 1 in ST units. In the implementation part
in chapter 5, the optimal fitting process of these parameters is introduced
and accuracy metrics are defined to evaluate the results. The effect of each
of these parameters are discussed more in chapter 6, where the simulated
curves with differing parameters are evaluated against each other.
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Table 4.1: The algorithm used to solve the time-dependent total polarization,
with the Euler method, using E/(t) as known input electric field.
Algorithm to solve polarization time development

1. D(t) = Pu(t — At) + €0 E(t)
2. Deg(t) = D(t) + aPy(t — At)

D(t)—D(t—At
3. %(t): (t) dt( )

D, a
1. Panlt) = P [coh (22 — g

R’ln *Pirr —_— a1 dD
5. AP = Gt pdD , 0 = &gn(—t(t))

6. Pue(t) = Pue(t — At) + (1)

7. P(t) — (1 - C)Pirr + CPanh
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4.2.1 Temperature dependency of the model parameters

Since the Jiles-Atherton model is a semi-microscopic model averaging over
quantities such as energies defined by temperature, the model parameters are
temperature dependent. In the derivation of the model [68], the temperature
dependency of few of these are presented as definitions of the parameters.
Explicitly, the temperature is found in the definition of the domain wall
density parameter a = %TCT , according to which in a constant temperature
the parameter is linearly dependent on the temperature. Unfortunately, this
does not take into accord that the scaling electric field Ej is also possibly a
temperature dependent unknown value, which makes comparisons between
different temperatures more difficult.

A temperature dependent extension of the ferroelectric Jiles-Atherton
model is presented in [41], which incorporates a temperature dependency into
the hysteresis parameters with a material dependent exponent [ following
from mean field theory approximations. The equations also include the Curie
temperature 7. of the material. The equations presented are

a(T) = a(0) - (1 - %)ﬂ (4.17)
a(T) = a(0) - (1 - %)5 (4.18)
k(T) = k(0) - e 7% , (4.19)
o(T) = ¢(0) - (1 - %)ﬁ (4.20)
P(T) = P,(0) - (1 - %)B (4.21)

where all of the equations have the same form, except the pinning loss pa-
rameter k [41]. Here, a(0), a(0), k(0), c(0) and P,(0) represent corresponding
parameter values at 0 Kelvin, and can be treated as fittable temperature-
independent constants. Notable is that 7. is a measurable quantity of the
material, and 8 as a material dependent parameter should be the same for
each of these equations.

Since this work examines ferroelectric capacitors, the temperature de-
pendencies of the other than ferroelectric device stack materials can also
affect the measurements and the device physics. Since the polarization of
the thin film cannot be measured without electrodes, in the future the ef-
fect of these electrodes should be researched more in different temperatures.
The equations presented are originally used for modelling the hysteresis at
high temperatures close to the Curie temperature, and the validity at low
temperatures is not discussed in [41].
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Implementation

This chapter provides a detailed description of the programming implemen-
tation used for the simulations. The programming was executed in Python 3.
The estimation for the Jiles-Atherton model parameters was achieved with
a least squares fitting approach. Other methods to estimate the parameters
have been reported in literature, but methods such as the iterative refinement
process for the parameters in [71], does not yield meaningful results when
applied for the data employed in this work. Least squares fitting is also given
as an alternative option in the article, as well as in [25], [39], and [41].

The algorithm to solve the polarization from input electric field derived in
the previous chapter and collected into Table 4.1 is utilized. Employing the
equations requires the model parameter values «, a, k, c and P, to be known.
A least squares fitting to experimental data is used to solve the parame-
ters. For the curve fitting in this work, the implementation was done using
Python as the programming language and from the scipy.optimize library
the function curve_fit, which is based on a non-linear least squares fitting
to experimental data [72]. Since the scipy.optimize.curve fit function is
provided with boundaries for the parameter values, it uses an optimization
method called trust region reflective, which was originally formulated in [73].
The source code used in the simulations in this work is available in appendix
D.

Prior to executing the least squares fitting, an equation needs to be spec-
ified, inputting electric field and model parameters, while outputting the
solved polarization. The Jiles-Atherton model with the Euler method as-
sumes that the polarization is initialized at zero. This is assumed, since the
ratio of the irrevesible and anhysteretic polarization components remain un-
determined at this point. The initial steps of polarization follow the shape of
the Langevin equation, until the P-E curve stabilizes at a consistent hystere-
sis curve. This transition is visualized in Fig. 5.1, where the color variation
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signifies the progression of time at each simulated point. The curve attains
stability after one full cycle along the hysteresis curve.

Figure 5.1: The time development of the stability of the simulation. The po-
larization is initialized to zero, after which it develops for one full loop on the
curve, and then settles on a stable hysteresis curve. The dark blue denotes
the beginning time of the simulation, and reddish points are the final points in
the simulation.

The input electric field must be defined to solve the polarization. Since
the polarization is initialized to zero, the electric field should also begin
at zero. In the experimental PUND-measurement data, input electric field
corresponds one triangular voltage pulse upward, followed by a triangular
voltage pulse downward. To achieve a stable hysteresis curve in the simu-
lations, the prescribed input electric field should initiate at zero, followed
by an upward pulse, a downward pulse, and subsequently return to zero.
Following this, a final pair of upward and downward pulses is appended for
use in the simulation. After the process, the input electric field aligns with
the experimental data after the initialization period. For the least squares
curve fit, the initialization period is cut off to ensure a proper fit. The pulse
amplitudes should be configured to match those in the experimental data.
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Once the input electric field is appropriately defined, the curve fitting
can be done. The function curve fit takes both the electric field and the
function solving the polarization as input. Additionally, it needs initial values
and boundaries for each of the parameters. The initial values used for the
simulations are iteratively modified from the parameter values given in [39].
The values are specified for a different material, and with a slightly different
parameter space. Consequently, they are modified to fit the experimental
data in this model, as well as converted to SI units. The boundaries are
defined to be of a sufficiently large scale, motivated by the physics of the
model. For example, the polarization reversibility parameter ¢ denotes how
much of the polarization is anhysteretic and how much irreversible. To ensure
a precise curve fit, the optimal fitted parameters should not be fitted to the
lowest or highest possible values. The boundaries and initial values used in
each simulation are specified appendix A.

From a computational efficiency point of view, a least squares curve fitting
yields best results when none of the parameters is of a significantly different
order of magnitude compared to the others. It also makes the comparison
of the parameters more intuitive. For this purpose, the parameter values
of this work are scaled by choosing vacuum permittivity to be 8.854 - 10710
F/cm, instead of the ST unit 8.854 - 107! F/m. This affects the scaling
of the parameters, as they are defined with equations directly or indirectly
proportional to €y. The main reason behind this is avoiding floating point
number overflow in the sinh and cosh functions as well as their division,
which can occur with high exponent multiplication or division [70]. Since
the parameter values do not have explicit physical meaning, the scaling does
not affect the comparison of the results.

To asses the performance of the model fitting, accuracy metrics need
to be considered. The accuracy metrics are computed with respect to the
experimental data the model is fitted with. Most meaningful accuracy com-
parison can be obtained by considering the most important features of the
dataset: the remanent polarization, the coercive fields and the area inside
the curve. These accuracy metrics have been used in [74] to compare how
well the Jiles-Atherton based model is able to simulate the hysteresis curve.
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These accuracy metrics are be defined by the equations

Pr sim — Pr,ex
(B =1 Trsin = Tren] 5.1)
Tr,exp
|Ejsim - E:_ex |
<Ej> = 1 - : E+ ’ 2 ) (52)
c,exp
_ |Ec_,sim - E(:exp|
c,exp
|Asim - Aexp|
(A)=1— ————, (5.4)
Aexp

where the index ”sim” means simulation and ”exp” means experimental data,
P, is the remanent polarization value, and EF and E_ are the positive and
negative coercive field respectively. The area under the curve is denoted with
A. The negative coercive field is projected into the positive plane with the
absolute value in the denominator for better comparability. The notation
(x) denotes the accuracy of z. The hysteresis curves measured are not com-
pletely symmetrical with respect to the coercive fields due to the imprint
effect. Therefore, both the negative and positive coercive fields are consid-
ered separately. The accuracy metrics indicate the percentage with which the
model and the experimental data agree. For example, a value of 0.90 would
mean that the simulation is 10% larger or 10% smaller than the experimental
data at the chosen point.

Accuracy metrics are needed, as the simulation is based on a least squares
fitting, and a perfect fit should never be achieved. If a more rigorous fitting
process was implemented, there could be fits that have smaller error at the
characteristic points (P, E., ...) but it could lead into the area and shape
being different to that of the experimental data. The least squares fit ap-
points the same importance to each point in the simulation. An artifact of
the measured data analysis, like smoothing, can lead into error in the turn-
ing points of the hysteresis curve, which from a least squares point of view
changes the fit. Instead of this, only the characteristic points might have a
meaningful interpretation for a large-scale circuit simulation software. The
least squares fit is an industry standard for curve fitting, but a more rigorous
curve fitting procedure could be implemented in the future. In general, a
simple implementation is most often the easiest to produce and replicate.
The focus of this study is the model itself and not the curve fitting process.

The Jiles-Atherton model, along with the macroscopic Preisach model,
can both be implemented using HDLs, and they both can achieve an accu-
rate description of polarization switching. While these models are originally
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rooted in ferromagnetism and have been compared for magnetic modelling in
previous studies [75], the fundamental principles and computational meth-
ods still apply in the electric case, rendering prior computational comparisons
between the models useful results for ferroelectric modelling as well. In the
Jiles-Atherton model, solving the differential equation requires selecting an
appropriate step size between the electric field points, denoted with dE. In
this work, the differential equation was solved as a function of time, with
a time step of 1 ms. However, the Jiles-Atherton model is sensitive to the
chosen time step, while the Preisach model is not according to a previous
study [75]. This characteristic is observed, as the Preisach model does not
solve a differential equation, rendering it simpler to compare different imple-
mentations of the Preisach model with each other, when compared to those
of the Jiles-Atherton model. However, the JA model provides a level of com-
putational flexibility, allowing for the adjustment of the time step to balance
numerical stability and computation time.

Notably, as the time step in a JA model is increased, the time to run the
simulation also increases, providing a trade-off between numerical stability
and computational efficiency. Conversely, Preisach models are not dependent
on the number of datapoints. As a benefit of the Jiles-Atherton model, the
computational times required are smaller for a dataset of equivalent size when
compared to Preisach models [75]. This characteristic proves particularly
advantageous for the applications of Jiles-Atherton models in very large-
scale integration (VLSI) simulations, where the number of computational
operations is significantly high [39]. Implementing Preisach models is notably
more difficult than JA models, as a rigorous interpolation process has to
be conducted to obtain the coercive field distributions. After the rigorous
process, Preisach models tend to achieve higher accuracies than JA models.
However, the physical principles governing the Jiles-Atherton model provide
a direct connection to the underlying physics of the parameter values [75].
In conclusion, the choice between these models should align with the specific
requirements of the application, taking into consideration their respective
advantages and limitations.



Chapter 6

Evaluation and results

Accurate simulation of hysteresis curves entails achieving a strong corre-
spondence between the characteristic values of the simulated and measured
curves. These characteristic values include remanent polarization, negative
and positive coercive fields, as well as the area enclosed by the curve. In
previous works, there have been reported problems with reaching accurate
P, and E, values for various models [36]. However, this did not encompass
the Jiles-Atherton model. In practice, several factors contribute to the chal-
lenge of fitting ferroelectric hysteresis accurately: the selected model may
not comprehesively encompass all the underlying physics governing the be-
haviour, the fitting procedure may not be optimal, or the measurements may
not be done with the PUND method, as assumed in the simulation. Accu-
rate simulation of polarization characteristics using a HDL-compatible model
holds promise for future applications in circuit design using ferroelectric de-
vices. The Jiles-Atherton model is well-suited for this purpose, as it takes
the input voltage and just five parameters to predict the polarization re-
sponse. The Jiles-Atherton model has been successfully applied in a diverse
group of materials, including conventional perovskite ferroelectrics like PZT
[71], multi-functional perovskite ceramics [41], organic ferroelectrics [25], and
silicon doped hafnium thin films [39].

In this chapter, the performance of the Jiles-Atherton model is evaluated
by comparing it with experimental data and existing values from literature.
First, the model for ferroelectric hysteresis is evaluated against experimental
data. Subsequently, the impact of the model parameters on the hysteresis
curves is visualized and the physics are analyzed. Given that ferroelectric
devices have yet to attain a mature state of integration, there is still a lot of
device-to-device variation present. This variation is analyzed and modelled
to gain understanding of the empirical error levels of the model parameters,
which should be known suitable for large scale implementations. After the

49



CHAPTER 6. EVALUATION AND RESULTS 50

error levels are known, the input pulse voltage amplitude dependency of the
polarization and the JA model parameters are examined. Finally, experi-
mental data gathered at low temperatures is explored, and the importance
of the ferroelectric wake-up is analyzed, while the temperature dependency
of the parameters is also evaluated.

Figure 6.1: An example of a major loop measurement and simulation. The
parameter values in this simulation curve are a=0.0387 C/m?, a = 0.2998, k
= 0.6518 C/m?, ¢ = 0.6954, and P, = 0.3257 C/m?

6.1 Simulation result with Jiles-Atherton model

The ferroelectric hysteresis curve solved with the Jiles-Atherton model is
shown in Fig. 6.1. The measurement conducted on a HZO capacitor, as
described in chapter 4, is represented by the dashed black line, while the
simulation is depicted by the colored line. The filled background color repre-
sents the area enclosed by the simulated curve. As seen from the figure, the
model closely aligns with the experimental data. Notably, the simulation and
measurement yield consistent values for key parameters, including remanent
polarization, P,, and the positive and negative coercive fields, Ef and E .
While there are occasional deviations where the simulated curve falls outside
or inside the measured curve at specific points, the overall areas enclosed
within the curves match closely. These characteristic values are compiled
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in table 6.1 in the experiment and simulation columns. The third column
represents the accuracy values.

Table 6.1: The characteristic values of the simulations and accuracies com-
puted with the equations in (5.1).

Experiment | Simulation | Accuracy
P, (C/m?) 0.238 0.239 0.997
Ef (GV/m) | 0.241 0.243 0.991
E- (GV/m) | -0.272 -0.270 0.992
Area (GPa) | 0.4733 0.4728 0.9990

The Jiles-Atherton model parameter values for the HZO capacitor in this
study are as follows:

a = 0.0387, 0 = 0.2998, k = 0.6518, c = 0.6954, P, = 0.3257, (6.1)

where the units of a, k and P, are C/m?. In related work [39], the a Jiles-
Atherton modelling was done for a 10 nm capacitor consisting of silicon doped
hafnium, Si:HfO,, as the ferroelectric layer. The remanent polarization and
coercive field values are similar to those of the HZO capacitors reported in
this work. However, the measurements in the previous work are not done
using the PUND technique, which results in the dielectric polarization being
accounted for twice. The model parameters of [39] are

a=0.174,a = 0.70, k = 0.204, c = 0.04, P, = 0.472, (6.2)

where the units of a, k and P, are again C/m?. The saturation polarization
value is larger for the Si:HfO, capacitor in comparison to the HZO device.
Consequently, due to the similarity in remanent polarization between the two
devices, the Si:HfO, capacitor exhibited higher polarization losses compared
to the HZO device. Furthermore, the shaping parameter, interpreted as do-
main wall density a, is almost an order of magnitude higher in the silicon
doped device. The polarization reversibility parameter, ¢, denotes how much
the polarization is anhysteretic while (1-¢) is the irreversible part. In the sil-
icon doped device, the polarization is mostly irreversible, while in HZO, the
hysteretic to anhysteretic ratio is more balanced but significantly weighted
towards the anhysteretic part. Anhysteretic polarization describes the polar-
ization with no defects or inhomogeneities present. The results indicate that
the silicon doped hafnia is pure compared to the zirconium-hafnium mix used
in this work. As dopants are in essence impurities, this result indicates that
the HZO mix is more uniform than the doped hafnium. The inhomogeneities
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like dopants can enhance the ferroelectric properties. The difference in the
polarization reversibility, as well as for domain wall density a, can be related
to the D ~ P assumption in the measurements of the silicon doped one.
This work assumes D = ¢y + P and subtracts the dielectric displacement
eol away with the PUND measurement technique.

As indicated by accuracy column in table 6.1, the model demonstrates
a remarkable ability to reproduce characteristic values from the hysteresis
curve. While the overall curve shape is not perfectly aligned, it is worth
noting that for possible applications, the model performs exceptionally well
in capturing the most critical characteristics. With the fitting done to a
single hysteresis curve, there is little intuition behind the parameter values.
To be able to utilize the results, more curves should be analyzed in same and
differing measurement conditions. This will be done in the next sections.
The Jiles-Atherton model being able to fit very well to the experimental data
with only a few fittable parameters can be used in the future for large scale
simulations as well as predicting hysteresis at certain conditions. The high
accuracies of the model obtained with least squares curve fitting indicates
that the JA model is suitable for simulating a HZO based capacitor.

6.2 Parameter space of Jiles-Atherton model

The parameter space within the Jiles-Atherton model is relatively large, com-
prising of five highly interconnected parameters. To assess the impact of
parameter variation in response to changes in measurements, a thorough ex-
amination of the meaning and definitions of these parameters is important.
To gain insights into the behaviour of the model when one of parameter
value is changed while keeping the others constant, Fig. 6.2 visually repre-
sents these variations. The figure presents two distinct scenarios: the top row
features a positive voltage pulse followed by a negative one, while the bot-
tom row reverses the order, with a negative pulse before to the positive. This
section explores the behaviour of the different parameters with both of the
pulse schemes. The premises and conclusions of this chapter are summarized
into table 6.2.

The first parameter under examination is the parameter a, which in other
model implementations is either referred to as a shape parameter [39], [68]
or as domain wall density [41]. As seen in Fig. 6.2, an increase in the value
of parameter a results in a notable reduction in the slope of the curve at
the elbow points. Additionally, the onset of switching occurs at a weaker
electric field when the parameter is increased. The impact of parameter a
is symmetric, with both pulse schemes producing identical hysteresis curves.
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Notably, the characteristic value most affected by variations in parameter a
are the remanent polarization values. A physical interpretation of the changes
requires the domain wall related definition for the parameter. Higher domain
wall density causes the switching behaviour to be restricted by the domain
walls. This can be seen from the hysteresis curve as the decrease in slope
with parameter a.

Figure 6.2: The change in simulated hysteresis curves with different parame-
ters. Only one parameter at a time was changed, and the base values when
not changed are a = 0.0362 C/m?, o = 0.358, k = 0.757 C/m?, ¢ = 0.726,
and P, = 0.364 C/m?. The simulation input voltage was on the top row a
positive pulse followed by a negative pulse and on the bottom row a negative
pulse followed by a positive pulse.

The next parameter examined is the inter-domain coupling parameter, a.
It describes at what magnitude the neighbouring domains affect the change
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in polarization, indicating how strongly coupled the domains are. As the
polarization is initialized to one side, strong coupling leads into a built-in bias
field, as a majority of the same polarization domains prohibit the rotation
of domains. In Fig. 6.2, an increase in « forms a wider hysteresis curve.
The parameter mostly affects coercive field values on each side, while also
influencing the slope of the curve during switching. With larger values of «, a
stronger electric field is needed to switch the polarization, as strongly coupled
domains are more difficult to turn when compared to free domains. One side
is more preferred than the other, the side being dependent on the initial
polarization. The asymmetry can be explained by the switching being more
favoured in one direction compared to the other direction when a built-in
bias field is present, and seen as the imprint effect on the hysteresis curve.

Behaviour of the curve with varying pinning loss parameter k is shown
in the third column of Fig. 6.2. The pinning loss parameter is defined in
equation (4.5) as k = %‘?), where (&£;) is the average energy of 180 degree
domain walls, p is the length of the dipole moment vector per unit volume and
n is the average density of pinning sites. According to the definition, a larger
value of k indicates more defects and other pinning sites in the material,
or higher energy domain walls. Therefore, increased value of k leads into
more restricted polarization switching, and while switching back, a smaller
magnitude of electric field is required, narrowing the hysteresis. Pinning
loss k has an even more significant asymmetric behaviour than the inter-
domain coupling parameter, c. A high amount of pinning sites enforces the
built-in bias field, favouring switching more in one direction than the other.
Changing k£ impacts significantly both the coercive field points, while it also
has an effect on the remanent polarization, influencing the area under the
curve significantly. Outside the Jiles-Atherton model, the imprint effect is
explained by a large amount of domain pining sites [28], which is in agreement
with the behaviour seen here.

The polarization reversal parameter, ¢, describes how significantly the
polarization is caused by ferroelectric domains compared to the internal po-
larization [39]. In Fig. 6.2, increased c leads into a saturated hysteresis
curve, while a lower value of ¢ causes the curve to bend inwards at the
turning points. Increasing the polarization reversal slightly increases the re-
manent polarization. With lower values of ¢, the polarization still increases
after the turning point of the field. This indicates that saturation has not
been reached. So, at smaller values of ¢, a higher electric field is required
to saturate the field. The polarization reversal parameter is related to the
switching between hard and soft ferroelectric response [39]. At low values of
¢, the behaviour is harder than at high values of ¢, where it is softer.

The final panel in Fig. 6.2 describes the saturation polarization param-
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eter, P,. It denotes the maximum value of anhysteretic polarization, which
would be the total polarization in an ideal material with unimpeded domain
movement. The parameter is directly related to how high the hysteresis
curve is. The parameter value also influences the coercive fields on both
sides. Since it affects the remanent polarization as well as the coercive fields,
it has a major effect on the area inside the curve. Saturation polarization
describes how high the polarization can be in a defect-free material. Increas-
ing it means that the overall total polarization also increases. Saturation
polarization is connected to the remanent polarization of the curve.

In other implementations of the Jiles-Atherton model for ferroelectrics,
there are similar investigations into the behaviour of the curve under changing
parameter values. There is a table presenting the results like table 6.2 in [68].
The behaviour of a, o and P, in this work are identical to the behaviour
presented in the previous work. The behaviour of the parameter k£ in this
work is the opposite of what was reported in [68]. However, in this work k
is defined as a loss parameter, so the behaviour observed with this model
is physically motivated. The parameter c is reported to lead into a more
narrow hysteresis curve in [68], which itself is not seen this work, but is
explained by the change from hard to soft ferroelectric behaviour. The two
implementations do not directly disagree here, but the explanation provided
here includes both of the reported parameter behaviours. In [39], a figure
of the parameter influences is provided. The change with parameter P; is
not reported in the figure. The variation caused by varying « is similar
in [39] and this work, as there is a minor influence in the coercive field.
In the artice no imprint effect was reported, and the hysteresis curves are
very symmetrical. Similarly, there is no imprint in [39] but the behaviour
of k in both articles is similar. The behaviour of ¢ in both models can
be again explained by the hard-to-soft ferroelectric responce transformation
with increasing polarization reversability.

The variations of the model behaviour between different works can be
accounted to slight differences between the models but more importantly
the highly interconnected parameter space and different values of input and
base parameters. This again ranges from the differences between different
ferroelectric materials modelled with these parameters. The experimental
data in this work is also measured with the PUND-technique while in [39] it
is done directly with the P ~ D approximation which makes the hysteresis
curves much more skewed. This definitely has an impact on the parameter
values obtained from curve fitting. Overall, this work is in accordance to
other implementations of the model, and the differences between them can
be explained by distinctive measurements or initial values.
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Parameter name

Effect on the curve

Physical explanation

a, domain wall density

Increased values lead to
decreased slope at the
switching point, minor
change in P..

Larger domain wall den-
sity makes it more difficult
to switch the polarization.

@, inter-domain coupling

Increased values lead to
wider hysteresis curves

and steeper  slope,
change in E., imprint
relevant.

Switching from P. to 0
requires a larger electric
field, as it is more difficult
to turn the domains if they
are strongly coupled.

k, pinning loss

Increased values lead
to narrower hysteresis
curves: major change in
E.. Small decrease in P..
imprint relevant.

Directly proportional to
the number of pinning
sites. Higher amount
of pinning sites means
switching is more difficult.

¢, polarization reversibility

Increased values lead to
more saturated hystere-
sis loops. Decreased val-
ues make the curve bend
inwards. Slight change in
P,.

Switching between hard
and soft ferroelectric re-
sponse.  Softer means
lower coercive fields and
higher remanent polariza-
tion in comparison.

Py, saturation polarization

Increased value height-
ens and widens the
curve. Major change in
P., E. and area.

Higher maximum value of
anhysteretic polarization
leads into a higher hys-
teresis curve.

Table 6.2: Effects of the Jiles-Atherton parameters on the ferroelectric hystere-

Sis curve.
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6.3 Device-to-device variation

For effective comparison of the parameters, it is imperative to address device-
to-device variation, a major concern regarding the large scale implementation
of FeFETs for practical applications [56]. In this study, the hysteresis curve
measurements were conducted for a total of 73 individual devices, all oper-
ating at 300 Kelvin with a pulse-to-pulse voltage of 10 Volts and a 0.5 kHz
frequency. The resulting experimental data is presented in the left panel of
Fig. 6.3. Notably, the hysteresis curve of the device examined in the previous
section is included in this analysis. The parameter fitting process was done
as described in chapter 5. Each parameter was considered as fittable value.
Optimal simulated hysteresis curves for each set of experimentl data were
generated, and these simulated curves are shown in the right panel of Fig.
6.3. One of the hysteresis curves exhibited distinct characteristics deviating
from the others. Due to this anomaly, this particular curve was disregarded
from the calculation of means and standard deviations of the parameter val-
ues. This excluded curve is represented in Fig. 6.3 with the dashed black
line. The dataset was collected from devices across three different dies, with
10 devices sourced from one, 28 from another, and 35 from the third die.

Figure 6.3: All of the 73 hysteresis curves used in the device-to-device varia-
tion analysis.
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As seen from the experimental data presented in Fig. 6.3, the saturation
and remanent polarization values of the curves vary significantly among the
measured devices. Additionally, variations are observed in the coercive fields
among the curves. Key statistical characteristics of the experimental data
are presented in table 6.3. To compare the variation between different scales
of values, the relative standard deviation (RSD) is employed. The highest
observed RSD value is for the remanent polarization, followed closely by
the area enclosed by the curve. However, the remanent polarization value
strongly influences the area, which contributes to the greater RSD in the
latter. Furthermore, the deviation in the negative coercive field exceeds
that of the positive coercive field. While the mean and standard deviation
provide essential information on the devices, they do not fully encapsulate
the full device-to-device variation. A deeper understanding can be gained by
examining the distribution of these values. These distributions are visualized
in Fig. 6.4, where the black dashed line indicates the mean of the data, while
the gray dotted lines indicate the standard deviation around the mean.

Table 6.3: Statistical analysis of the parameter values in device-to-device vari-
ation. The standard deviation (SD). Relative standard deviation (RSD) is the
value of SD normalized with the mean.

Mean | SD RSD (%) | |[Minimum| | |[Maximum|
P, (C/m?) | 0.211 0.036 | 17.3 0.122 0.279
Ef GV/m | 0.2494 | 0.0087 | 3.5 0.2327 0.2694
E- GV/m | -0.3244 | 0.0268 | 8.3 0.2741 0.3684
Area (GPa) | 0.4429 | 0.0696 | 15.7 0.2642 0.5783

The remanent polarization, positive coercive field, and area exhibit roughly
normal distributions, which would become more apparent with a larger sam-
ple size. However, the negative coercive fields display a bimodal distribution,
with no values falling in between the two modes. This bimodality is also vi-
sually evident in the hysteresis curves in Fig. 6.3. Notably, all coercive
field values falling in the lower modality distribution were obtained from the
third die, which comprised of 35 devices. This suggests that the variation
in negative coercive fields is smaller when considering devices from a single
die. Nevertheless, in the context of large-scale implementations, the devices
will inevitably have variation among each other. Therefore, this variation is
better to account for from the beginning, to avoid potential complications in
the later phases of development.
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Figure 6.4: Statistical distributions of the characteristics of the devices. The
sum of number of devices is 72. The black dashed line is the average of the
values, and the gray dotted lines indicate the standard deviation.

Despite variations in the measured data, individual curve fitting can be
done for each device. As explained in chapter 5, to ensure precise model
fitting at the characteristic points, the accuracy values, as was defined in
(5.1), are be computed for each of the devices. The average accuracy values
for the 72 examined devices are as follows:

(P,) = 0.985 & 0.0087,
(EF) = 0.975 £ 0.0070,
(E7) = 0.993 & 0.0037,

(A) = 0.991 + 0.0057,

where the error is the standard deviation of the accuracies. In future work,
a mapping of the locations of these devices on the wafer will be examined to
understand fabrication related parameter variation. Given the proximity of
these values to one and the small deviations, it is evident that the model offers
an excellent fit at the coercive field points, area, and remanent polarization
values as observed in the experimental data. Consequently, this model can
be employed to simulate the device behaviour with remarkable accuracy.
These accuracy metrics serve to evaluate the model’s performance on average
against experimental data, while the later introduced standard deviation
values for the parameters provide insights into the level of parameter variation
that a large-scale implementation should account for.
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Figure 6.5: Scale of the means and standard deviations of the Jiles-Atherton
parameters in device-to-device variation analysis.

The Jiles-Atherton model parameters were individually estimated for
each of the devices, and the results calculated using numpy are presented
in Fig. 6.5. Mean values, standard deviations, and additional statistics, in-
cluding the relative standard deviation and extrema, are provided in Table
6.4. Among these parameters, the most notable deviation is observed in the
parameter «, with an RSD exceeding 50 %. The distributions of the fitted
parameters across the devices are shown in Fig. 6.6. Parameters a, k and P,
exhibit distributions that closely resemble normal distributions. In contrast,
the inter-domain coupling factor, «, follows a broader distribution, with a
concentration towards the lower end of the distribution. Notably, only for a
few of the devices do the optimal parameter values fall close to the boundaries
specified in the simulation.

According to Fig. 6.2, « influences the coercive field points, and given the
initialization is to negative polarization, the parameter affects the negative
coercive field point. Since there are two peaks in the distribution of the
negative coercive field values in Fig. 6.4, it is reasonable to expect a high
variation in a compared to other parameter. However, if the initialization
of the polarization was done to a positive value of P, the behaviour of the
parameter k should also exhibit similar behaviour to aw. However, the results
indicate that the value of o can change significantly with only slight effect
on the curve, which was also seen in Fig. 6.2.
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Figure 6.6: Statistical analysis of the parameter statistical distribution in the 72
devices.

During the simulations, a notable observation was made regarding the
boundary values of . When these limits are set to a too small range, the
scipy.optimize.curve fit function may struggle to converge to the opti-
mal value. This results in simulated hysteresis with the curvature noticeably
larger at high polarization values than in the experimental data. In this
study, the minimum limit of « is set to -5, while the highest is set to 5.
Furthermore, the upper limit of « is extended to 100 to improve fitting at
varying voltage amplitudes. Notably, similar challenges related to strangely
shaped simulated curves are not as prevalent when adjusting the limits of
other parameters, provided that the limits remain within reasonable bounds.

The variation in each of the parameter values must be analyzed individ-
ually, as these parameters are interconnected. Altering all of parameters to
the limits, imposed by the standard deviation, yield unphysical solutions to
the differential equation. The parameter estimation or the simulation are not
computationally demanding. Using code that is not yet fully optimized in
terms of execution speed, the device-to-device simulations can be completed
in less than two minutes on a standard laptop. The most time-consuming
aspect of the process is the initial data import from CSV files. The precise
fits obtained for all devices underscore the computational stability of the
Jiles-Atherton model and its ability to accurately describe the polarization
switching in HZO capacitors, even in cases involving asymmetric gate stacks.

These findings offer insights into understanding parameter variations in
response to external factors such as changes in voltage or temperature. Given
the observed device-to-device variation, a singular set of parameters should
not be considered for simulations involving multiple devices, unless the spe-
cific device-to-device variation is investigated as in this section. Even as the




CHAPTER 6. EVALUATION AND RESULTS 62

analytical approach presented here to study the variation is specific to this
fabrication batch of devices, the analysis can simply be repeated for other
device batches. Like mentioned before, a future study analysing the wafer
mapping of the variation will be conducted to examine the variance and its
dependence on the fabrication conditions more rigorously.

Table 6.4: Statistical analysis of the parameter values in device-to-device vari-
ation. The standard deviation (SD). Relative standard deviation (RSD) is the
value of SD normalized with the mean.

Mean | SD RSD (%) | Minimum | Maximum
a (C/m?) | 0.0380 | 0.0029 | 7.69 0.0323 0.0466
! 1.004 | 0.533 | 53.04 0.321 2.700
k (C/m?) |0.750 |0.015 | 1.99 0.717 0.782
c 0.771 | 0.046 | 5.94 0.692 0.860
P, (C/m?) | 0.278 | 0.052 | 18.62 0.158 0.366

6.4 Voltage dependency

Voltage dependency of ferroelectric behaviour holds significant importance,
especially in the context of devices operation in major or minor loop modes.
While hafnium-based ferroelectrics generally require quite high operating
voltages, understanding the performance of the devices at low voltages is
particularly crucial, enabling the integration of the devices into circuits de-
signed for low-voltage operation. The concept of minor loop means that
the polarization is only partially switched, as the input voltage is not high
enough to rotate all the domains. In contrast to that, when the input electric
field is strong enough to fully polarize the device into saturation, it is called
major loop operation. This section examines this minor loop behaviour of
one ferroelectric devices that is included in the previous consideration for the
device-to-device variation. The measurements were conducted at a tempera-
ture of 300 K and with a frequency of 0.5 kHz. Hysteresis data was collected
at a range of voltages, spanning from 1.5 volts to 10 volts peak-to-peak, with
incremental steps of 0.5 volts. The measurement data is visualized in the
left panel of Fig. 6.7 and can be found in its entirety in appendix B, which
includes the current signals before integration to obtain polarization. All of
the current peaks exhibit a single-peak behaviour.

The parameter estimation for the simulations was done as detailed in
chapter 5. The resulting simulated hysteresis curves are shown in the right
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panel of Fig. 6.7. With each of the parameters treated as fittable parameters,
the voltage dependent behaviour is as shown in Fig. 6.8. The error values
in the figure are the standard deviations of the parameters in the 72 devices
examined in the device-to-device variation part. For the purposes of the
figure, only the voltage range from 6 to 10 volts peak-to-peak is displayed.
At lower voltage values, the experimental data lacks sufficient polarization
switching and smoothness to yield physical, comparable parameter values.
The measured and simulated voltages down to 1.5 volt pulse-to-pulse are
shown with table of the accuracy values in appendix B. In line with the
data presented in the appendix, it is evident that the accuracy of the Jiles-
Atherton model exceeds 90 % when the pulse-to-pulse voltage is at 5 volts
or above.

Figure 6.7: The experimental and simulated data of the input voltage depen-
dency on the hysteresis curve.

The most clear voltage-dependent behaviour is that of the saturation po-
larization P,. This behaviour closely follows a linear dependency on the input
voltage. Notably, the saturation polarization parameter is closely linked to
the remanent polarization measured from the experimental data. To vi-
sually represent this relationship, the experimental remanent polarization
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and the simulated saturation polarization parameter are plotted in Fig. 6.9.
As seen from the figure, the saturation polarization value is consistently
slightly higher than the measured remanent polarization. The difference be-
tween these can be explained by referring to the model equations within the
Jiles-Atherton model. Specifically, the saturation polarization represents the
highest value of anhysteretic polarization, while losses reduce the actual po-
larization value. Therefore, while the Ps and P, values do not match, the
simulated remanent polarization values do match the experimental P, values
very closely. From the linear dependency seen in Fig. 6.9, the saturation
polarization has a steeper slope than the measured remanent polarization.
However, the simulated Pg can be estimated from the measured Py, for ex-
ample in cases where initial values are required for running other simulations.
This observation shows the significance of the saturation polarization param-
eter behaving in a similar manner to the experimental remanent polarization,
which shows that the Jiles-Atherton model can be physically interpreted.

Figure 6.8: The voltage dependency of the Jiles-Atherton model parameters.
The error values are the ones solved in the device-to-device variation analysis.
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In the right panel in Fig. 6.9, the behaviour of the inter-domain coupling
parameter, «, is plotted again to examine its dependency on P. In chapter
4, o was originally defined as o = %2, where Fj is an unknown scaling field.
In the dashed line in the figure, Fy was approximated based on the averages
found from device-to-device variation by multiplying the parameters a and
Ps to determine Fy = a - P; = 0.22, leading into a suitable fit. Notably, for
initial estimations or to simplify the parameter space in certain applications,
approximating « from P, can yield accurate results. It is worth highlight-
ing, that there appears to be no discernible dependence of a on the input
voltage, except for its correlation with P,. This approach can be employed
to provide initial values for the parameters, as the initialization of P, can be
accomplished using the experimental P, value.

The pinning loss parameter k£ is intricately linked to the energy required
to break pinning sites enabling domains to move. As seen form Fig. 6.8,
pinning loss is larger at higher voltage amplitudes and steadily decreases
as the maximum voltage used is reduced. Although this behaviour does
not appear strictly linear, it can be approximated as such if necessary. The
simulation results suggest that at lower voltages, the influence of pinning loss
is less pronounced. This phenomenon may be attributed to the assumption
of 180-degree domain walls in the definition of k = %p”). At lower voltages,
only a fraction of the domains undergo polarization switch, resulting in the
presence of domains oriented at angles other than 180 degrees. This causes
the pinning loss parameter to decrease in magnitude while the actual losses
are not decreased, as lowering the operating voltage does not change the
material purity, a property on which the pinning related losses are regarded
to [68].

While there is change with voltage in each of the parameters, the anal-
ysis should also include the variation limits imposed by the device-to-device
variation. This variation is indicated with the error bars in Fig. 6.8, and
it is notable that certain parameters exhibit substantial changes with volt-
age compared to the intrinsic variations. Specifically, in the inter-domain
coupling «, in the pinning loss k£, and in the saturation polarization P,
the parameter behaviour follows a clear trend of the error bars being notably
small compared to the overall change due to voltage amplitude. Even though
the error bars originate from a standard deviation of various devices at 10
Vpp, this study includes the voltage dependent behaviour only on one device.
However, for nearly all of the parameters, the change due to voltage is more
significant than the variation between the devices. It should be noted, that
the polarization reversibility ¢ does not exhibit high variation with voltage.
For domain wall density, a, the variation is relatively high compared to the
overall change with voltage.
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Figure 6.9: On the left panel, the measured remanent polarization and the
simulated saturation polarization. On the right panel, the interdomain coupling
parameter and a curve of 1/P;.

It is possible to conduct simulations using the parameter values derived
from the optimal fitting performed at 10 Vpp, assuming that the parameters
stay constant with respect to voltage. In essence, the once fitted parameters
are used with different input voltage pulses. However, the data presented
in Fig. B.3 in appendix B clearly demonstrates that maintaining constant
parameter values yields unphysical results. This further proves that the pa-
rameters need a separate fitting process at different input voltage amplitudes,
and that all of the parameters are not constant. Further research can be done
in analyzing whether ¢ can be assumed constant for the voltage dependent
measurements. Additionally, further analysis on the reproducability of the
results with more data should be done to confirm the results of this work, as
the voltage amplitude dependency of the Jiles-Atherton model parameters
has not been reported before.
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6.5 Temperature dependency and wake-up

Temperature is a critical parameter in the context of electronics, primar-
ily due to fluctuations in ambient temperatures and devices generating heat
due to resistive losses. While the ultimate goal of neuromorphic computing
is to achieve such low energy consumption that heating becomes a negligi-
ble concern, the current state of technology demands careful consideration
of thermal effects. This is of particular interest in data-intensive and con-
ventionally computationally demanding applications like machine learning
or vision. Importantly, the scope of temperature analysis extends beyond
merely higher ambient temperatures. The colder end of the spectrum also
holds significance as it gives rise to intriguing physical phenomena. Studying
the phenomena can offer valuable explanations for behaviour encountered in
room or elevated temperatures. Furthermore, the analysis in cold tempera-
tures is significant for applications with ultra cold temperatures, including
quantum computers and space technology. Additionally, an optimal temper-
ature for minimal losses for electronics has been found to be at 77 kelvin [76],
which further underlines the importance of low temperature studies.

Figure 6.10: The processed currents and following polarizations measured at
10 Vpp at different temperatures. At other temperatures than 300 K and 200
K, the current has a double-peak, which can indicate that the device was not
properly woken up during the measurements. In the polarization, this is seen
as a widening at the coercive field points, as well as high remanent polariza-
tion.
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The temperature dependence of the Jiles-Atherton parameters for ferro-
electric has previously been investigated over a temperature range spanning
from room temperature to higher temperatures, approximately up to 400
kelvin, as documented in a prior study [41]. However, the aforementioned
study was conducted on ferroelectric materials distinct from HZO, the mate-
rial used in this work. At room temperature, the hysteresis loops are already
extremely small and the material behaves like a hard ferroelectric. As the
temperature continues to rise, the material behaviour becomes softer, but
the hysteresis loop closes almost entirely near the Curie temperature. In
this work, the focus is on exploring the temperature dependency of the Jiles-
Atherton model parameters at lower temperatures, ranging from 300 kelvin
down until 50 kelvin in increments of 50, and finally down to 4 kelvin. The
measurements were conducted at various peak-to-peak voltage values at 1
kHz frequency, and are detailed for voltage ranges between 7 Vpp and 10
Vpp. Furthermore, the equations proposed in [41], as presented in section
4.2.1, will be evaluated specifically for HZO in low temperatures.

The current signals and resulting polarization data obtained using the
PUND-technique are presented in Fig. 6.10. In the current signals at other
than 300 kelvin and 200 kelvin, a widened or double-peak current signal is
measured on at least the positive side. As the temperature decreases, the
current signals become lower and wider. The exact position of these peaks on
the electric field axis or the current axis does not seem to follow a clear pat-
tern. Furthermore, the resulting hysteresis curves show significant variations
in remanent polarization values and coercive field points with changing tem-
perature, without a consistent increase or decrease. The occurrence of double
peaks in the current signals can be attributed to the improper wake-up of
the devices [45]. Many hafnia-based ferroelectric thin films require a wake-up
period, during which the polarization gradually increases with repeated pulse
cycling until a stable hysteresis curve is achieved. In this work, the devices at
room temperature did not require a wake-up period, and consequently, the
measurements at other temperatures were also conducted without a wake-up
period due to the previously observed single-spike current.

Analyzing the hysteresis curves in Fig. 6.10, the remanent polarization
value peaks at 250 K, after which it decreases. This observed maximal rema-
nent polarization may be caused by an inherent physical optimum point in
temperature for the ferroelectric switching. However, the improper wake-up
of the devices may also be the cause for this observed behaviour. In general,
the remanent polarization of a device is strongly linked to the waking-up
process. During a wake-up procedure, the remanent polarization gradually
increases, accompanied by a widening of the hysteresis loop. Additionally,
the original double-peak in the current signal shifts to a single peak dur-
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ing this process. Notably, the wake-up behaviour is also influenced by the
cycling frequency used for the waking-up process [45]. The exact cause of
this wake-up behaviour is not yet fully understood. An intuitive explana-
tion for the double-peak is that at a certain electric field, only a portion of
the domains within the material switch, while the remaining domains retain
their original polarization until a larger field is applied. This effect is more
pronounced at low temperatures, where reduced thermal movement makes
it more challenging for the domains to fully switch their polarization within
the applied voltage range.

—| =

Figure 6.11: Examples of hysteresis curves at 10 Vpp in different temperatures
and their optimal least squares fitting with the Jiles-Atherton model.

6.5.1 Jiles-Atherton parameters in different temperatures

The Jiles-Atherton model utilized in this work is incapable of simulating
wake-up behaviour directly, but the simulations were conducted without ac-
commodations or changes, and the resulting hysteresis curves are presented
in Fig. 6.11. In low temperatures, the observed double-peak current signal in
the experimental data leads into hysteresis curves in which the coercive field
points exhibit noticeable bulging. At temperatures of 100 K and below, the
measured hysteresis curves appear significantly flat at the top and bottom
portions of the curve. These phenomena are not explained properly by the
simulations, as the simulated curves have no bulging and are, in general, more
rounded at the top. As seen from the figure, the shape of the experimental
data and simulation show a clear mismatch at 50 K and 4 K. Previously, sim-
ilar rounded shape was explained by the parameter a being fitted improperly
on the boundary values, specified for the curve fitting procedure. However,
in this case variations in the boundaries of a did not yield better results, and
the parameter did not settle on the boundaries. The current assumption is
that the improper fit is accounted for by the improper polarization switching
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of the devices at low temperatures due to a lack of wake-up procedure. For
a comprehensive view of the data, all of the simulated and measured curves
are presented in appendix C.

The behaviour of the model parameters in various temperatures are shown
in Fig. 6.12. Notably, the wake-up was more significant at low temperatures.
According to [45], current split peak is related to the de-pinning of domains,
which, in terms of the Jiles-Atherton model, can be viewed as a smaller
pinning loss, the parameter k, before the wake-up process. As seen from Fig.
6.12, the behaviour of k gradually decreases with lowering the temperature in
the 10 Vpp curve. This suggests that the effect of wake-up is substantial at
temperatures where the value of k significantly drops, and the same behaviour
is seen for each of the voltages in the figure. Therefore, at 10 Vpp, the model
appears to fit properly down to 4 K, at 9 Vpp down to 100 K, at 8 Vpp
down to 150 K, and at 7 Vpp the value of k shows a significant drop at
200 K. Furthermore, there is a noticeable double-peak in the data at 250 K,
even at 10 Vpp, indicating that the parameter values at this point should be
interpreted with caution. The elevated polarization values can be attributed
to the increased remanent polarization associated with the wake-up process
[45].

The temperature development of the model parameters, with the sus-
pected un-woken-up part cut off, is presented in Fig. 6.13. It is presented
to show the actual temperature dependency without the wake-up behaviour
being prominent. In the truncated figure, the temperature related changes
in the parameters are more evident. The domain wall density parameter a
decreases as the temperature rises. This trend suggests that at higher tem-
peratures, there are fewer domain walls compared to the lower temperatures.
This behaviour can be attributed to the constraints on domain movement at
lower temperatures, preventing them from expanding as they would at higher
temperatures. So, at lower temperatures domains are smaller than at higher
temperatures. The inter-domain coupling parameter « increases with rising
temperature, with more significant changes observed at low voltages. Conse-
quently, when the domains are ”frozen” in their place at lower temperatures,
the coupling between them is not as prominent. This may be connected
to the number of domain walls that can move freely, thus influencing the
displacement field inside the material.
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Figure 6.12: The temperature and thus induced wake-up dependency of the
Jiles-Atherton model parameters at different voltages. The last panel is the
measured remanent polarization from the experimental curves.

The pinning loss parameter k shows an increasing trend with rising tem-
peratures. The pinning loss is directly proportional to the average density
and energy of pinning sites. At lower temperatures, domain movement is
already more challenging due to a higher number of frozen domains. As the
domains have a limited capability to move and bend, the total amount of
pinning effects is reduced. In lower temperatures, the imprint effect is less
prominent, making the polarization more symmetric with respect to the elec-
tric field. The reduction in the pinning loss parameter can be explained by
the built-in bias field not forming as strongly in the low temperatures. The
polarization reversibility, ¢, exhibits similar behaviour to the pinning loss,
where it increases with temperature. The parameter indicates how much of
the polarization can be reversed due to domain wall bending. Therefore,
the data in in Fig. 6.13 suggests that the bending of the domain walls is
less significant at low temperatures. Overall, the two parameters indicating
the prohibition of the polarization become smaller with temperature. Both
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parameter exhibit a slight decrease when the temperature changes from 300
K towards 200 K, which is where the remanent polarization peaks.

—
[ ® b
— =

°
)\X\L—l—: e
o4 |

Figure 6.13: The temperature dependency of the Jiles-Atherton model param-
eters at different voltages, where the curves are cut off at where the wake-up
takes over the temperature dependency. The last panel is the experimental
remanent polarization measured from the curves.

The saturation polarization P values exhibit an increase at lower temper-
atures. As the saturation polarization parameter is closely linked to the ex-
perimental remanent polarization, the remanent polarization measured from
the experimental hysteresis curves are shown in the last panel in Fig. 6.13.
Since the remanent polarization values measured from the experimental data
decrease with temperature, the difference between the remanent polarization
and saturation polarization is higher larger at low temperatures. A large gap
between the two values suggests that achieving the observed results neces-
sitates a higher anhysteretic polarization due to the presence of hysteretic
losses. The shapes of the saturation polarization curves in the truncated
figure 6.13 align with those of the remanent polarization. However, in the
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complete figure 6.12, the saturation polarization values at lower tempera-
tures do not appear to have a clear correlation with the remanent values.
This further supports the idea that the wake-up behavior reduces the physi-
cal interpretability of the model parameters. The model accuracy values at
10 Vpp are provided in table B.

Table 6.5: The temperature dependent accuracy values at 10 Vpp.
T [ (P )| (EZ) | (EZ) | (A)
300 | 0.996 | 0.950 | 0.966 | 0.990
250 | 0.986 | 0.939 | 0.988 | 0.987
200 | 0.994 | 0.927 | 1.000 | 0.983
150 [ 0.993 | 0.924 | 0.995 | 0.982
100 [ 0.976 | 0.974 | 0.996 | 0.983
50 | 0.989 | 0.943 | 0.962 | 0.992
4 0.962 | 0.995 | 0.953 | 0.996

The devices used to study temperature dependency were different from
those involved in the device-to-device variation analysis. They were from the
edge of the wafer, whereas the other devices were from the center of the wafer.
As a result, this device exhibited distinct behaviour compared to the others.
The temperature-dependent hysteresis curves were examined by measuring
the current and converting it into polarization at various voltages. However,
since the measured device was from a different location on the wafer, even
the 300 K measurement was noticeably different from the other devices stud-
ied in he previous sections. This observation suggests that device-to-device
variation can be more pronounced when including the devices from the edges
of the wafer. It is worth nothing that in many studies, the edge dies are
excluded from the measurements. The location of a device on the wafer can
significantly impact the ferroelectric properties of the material. Neverthe-
less, comparing the intrinsic properties within devices all from the edge of
the wafer can still provide valuable insights into ferroelectric behaviour at
low temperatures. To confirm the results, further measurements should be
done to replicate the measurements and simulations presented here with a
rigorous wake-up cycle first.

6.5.2 Temperature prediction equations

The temperature dependency of the parameters, as described in equation
from [41] and section 4.2.1, can be implemented in different ways. Two ap-
proaches were tested in this work. In the first approach, the Jiles-Atherton
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model was fitted to the experimental data at each temperature separately
without including temperature dependency in the fitting procedure. In-
stead, the parameter values at different temperatures are analyzed in post-
processing to see whether the predictive equations hold. This approach was
found to yield more physically meaningful results, with the curves closely
resembling the experimental data. In the second approach, the parameters
[ and T, are implemented into the equations to be fittable parameters, lead-
ing into seven fittable parameters overall. However, this method resulted in
non-physical behaviour, with the curves showing little resemblance to the ex-
perimental data and failing to settle into a stable solution. These are shown
in appendix C, where it is shown that only the solution at 300 K is shaped
accurately to the experimental data The unphysical results obtained in the
second approach suggest that the equation presented in [41] may not be suit-
able for modelling the experimental data obrained from the MFIS thin film
capacitors with ferroelectric HZO in low temperatures.
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Figure 6.14: The optimal model parameters for experimental data at different
temperatures down to 50 K and 10 Vpp compared to the predictive equations
from [41]. The temperature related additional parameters are § = 0.24 and
T, =673.15 K.
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With the first approach, fitting the model with the five constant temper-
ature parameters at different temperatures does yield physical result, as is
shown in in Fig. 6.11. However, it is worth noting that the presence of the
double-peak affects the accuracy of these fits. As seen from Fig. 6.14, the ob-
served model parameters do not closely align with the equations presented in
section 4.2.1. This analysis includes the parameters from different devices,
and the number of data points for each of the temperatures varies. Fur-
thermore, the variation in the number of data points renders the mean and
standard deviation values to not represent the data adequately. However,
there are no clear outliers visible in the figure. The value of T, used in the
model is taken from literature, and 3 is fitted as the best fit the saturation
polarization, as it offers the most empirical interpretation.

In the Fig. 6.11, it can be seen that the values of P; and ¢ do not fall
directly on the predicted curve, although the trend of these parameters is
similar to the prediction. Regarding the other parameters, a exhibits a more
significant trend in a o< 1/P; than the exponential temperature dependency
predicted by the equation. In the case of «, the values are distributed rel-
atively far from the predicted curve. For the pinning loss parameter k, the
predictive curve decreases while the parameters in this work were found to
be increasing. The results obtained with £ in this work cannot closely align
with the equation given in [41]. The predictions do not yield much better
results when [ and T, are both used as fittable parameter for each of the JA
parameters, which indicates that the predictions do not hold for this data.
This lack of alignment between the predictions and observations might be
associated with the differences in the materials: The predictions were made
for a single crystalline perovskite [41], while the current data is from a poly-
crystalline ferroelectric with grain and phase boundaries, oxygen vacancies
and other effects complicating the switching. It can also be related to the
presence of other layers on the gate stack, or the nanoscale film thinness.
Given that the results of this work do not agree with the theoretical pre-
dictions, further experimental and theoretical work will be done for deeper
understanding of the device physics.



Chapter 7

Discussion

The results regarding simulation accuracy in this work affirm that the Jiles-
Atherton model is proficient at reproducing ferroelectric hysteresis curves
accurately through a straightforward curve fitting process. What sets this
model apart is its capability to generate numerically stable solutions, the
behaviour which can be explained by the underlying physics governing the
model. Furthermore, the physicality of the model enables the model to be
used as a predictive tool for simulating ferroelectric behaviour under diverse
external conditions, including different voltage amplitudes and temperatures.
However, the model has limitations, as it is unable to account for the dual-
spike observed in the measured current signal, present in low temperatures
without proper wake-up procedures. Prior to the appropriate wake-up of
devices, it is hypothesized that certain domains possess lower coercive fields
than others. This results in two distinct switching events and, consequently,
a dual-peak pattern in the current measurements. The Jiles-Atherton model
equations apply averaging over values of energy and the number of pinning
sites, which compromises the ability to accurately model devices exhibiting
dual-peak behaviour.

The Jiles-Atherton differential equation model has a notably complicated
parameter space, potentially yielding multiple solutions that results in sim-
ilar hysteresis curves. These multiple solutions pose challenges in ensuring
comparability of different studies. Fortunately, the results of the parameter
sweep, illustrated in Fig. 6.2, and the voltage-dependent behaviour, depicted
in Fig. 6.9, provide strong indications that the model parameters follow the
underlying physical principles. Notably, the linear relationship between the
saturation polarization parameter values and the experimental remanent po-
larization values highlight the connection to the physical theory. Likewise,
the inter-domain coupling parameter « follows the defining equation making
it dependent on 1/P;. Furthermore, the effect of & is on the asymmetric shape
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of the curve, explained by the imprint effect. Notably, the imprint effect has
been theorized to depend on the density of pinning sites [28], a property
to which k is closely tied. Consequently, it can be reasonably inferred that
the model is rooted in the physics governing ferroelectric hysteresis, rather
than solely relying on numerical curve fitting with multiple possible solu-
tions. This is of great importance, as the employment of the JA model can
provide a more informed approach to steer the development of ferroelectric
materials and devices.

Given that the model parameter exhibit physical behaviour, the Jiles-
Atherton model can be used incorporated into a large scale circuit design
software for modelling circuits with ferroelectric components. Accurate sim-
ulations are a pivotal aspect in the design flow of electric circuits, as the pro-
cess of fabricating new iterations of chips is expensive and material-intensive.
Integrating the Jiles-Atherton model into circuit design software can be ap-
proached in two ways. The first option involves using the model as an ad-
ditional component alongside established semiconductor equation, although
this approach may not account for the intricate interplay between semicon-
ductor and ferroelectric characteristics. The second option, a more complex
endeavor, involves merging equations and models to create an analytical so-
lution. This, however, demands extensive research and modelling to of the
device physics and, in addition, may not even be suitable for the most com-
plex behaviour. In the current state of technology, adopting a simple model
like the Jiles-Atherton model in alongside well-established transistor equa-
tions provides an intial step towards modelling large-scale systems, including
SNNs.

The JA model equations have been successfully implemented in Verilog-A
[39], so the development towards more effective modelling of large scale ferro-
electric devices with the Jiles-Atherton model has already taken its first steps.
Nevertheless, the reliability of the results remains dependent on the consid-
eration of realistic factors like endurance, fatigue and retention. Analogous
endeavors in [21] and [77] employ simulations based on the Preisach model to
emulate hardware SNNs. In the future, it should be possible to achieve more
efficient simulations using the Jiles-Atherton model for the same purpose.
While the computational benefits of using the JA model over the Preisach
model have been quantitatively studied [75], more qualitative studies on the
computational efficiency of these models needs to be further researched in the
future, especially in the context of neuromorphic computing applications.

The Jiles-Atherton model is not a complete description of the intricate
physics of ferroelectrics. It describes thermodynamic averages of assumed
domain growth patterns with the existance of pinning sites and domain wall
bending as well as translation [25]. The model parameters are not direct
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physical quantities and instead only give some indication on what affects
which part of the hysteresis curves. The knowledge can be used in further
developing materials suitable for different applications: higher amount of
doping increases the number of pinning sites, which makes the imprint effect
more intensive, like is seen in chapter 6 and has been presented in [28]. In
the future, a more descriptive model for ferroelectrics can be created, but
the simplicity of the Jiles-Atherton model makes it promising for different
applications. The physical phenomena of ferroelectric switching is not well
understood and it includes stochastic properties. Therefore, to gain more ac-
curate simulation results, a much more complicated modelling process might
be needed. However, complex numerical models do not in general scale well,
further improving the applicability of the efficient Jiles-Atherton model.

The results of this work hold significant potential for future applications,
particularly in simulating neuromorphic computing circuits, such as SNNs,
with a hardware description language, analogous to what wos done in [77],
where a Preisach model is employed for SPICE simulation of an SNN model
built out of FeFETs including STDP. However, the physics-based point of
view gained from employing the Jiles-Atherton model is a useful tool, as
the field of ferroelectrics is not yet mature, and various device stacks and
fabrication details are still being researched and examined. In the realm
of neural network simulations, understanding the physical implications of
adjustments in the devices is vital for optimizing the accuracy and power
consumption of the circuits. Moreover, the MFIS device stack employed in
this study is suitable for future integration with MOSFET technology into
FeFETSs. In addition, it is well-suited for FTJs, where a highly asymmetric
potential barrier is derisable.

This work includes voltage and temperature dependency of the JA model
parameters as well as a look into the device-to-device variation of the fer-
roelectric MFIS capacitors. A current challenge in effective usage of ferro-
electric devices are the high coercive fields of the devices. The minor loop
operation examined in the voltage amplitude dependent switching behaviour
shows that intermediate switching can occur and be simulated accurately un-
til the coercive fields are too small to switch a relevant amount of domains.
The balance of having a small enough memory window to not require high
switching voltages and having a large enough memory window for reliable
memory state separation is an ongoing research problem. The minor loop
switching in this work provides a possibility of using only partially switched
polarization as intermediate memory states, but the retention of these states
needs more analysis, as these can be highly unstable.

Another challenge is the variation between devices even with the exact
same fabrication process. The device-to-device variation investigated in this
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work was mainly to confirm that the changes in the Jiles-Atherton model
parameters are larger in different voltages than inside similar devices in the
same environment. The same holds for different temperatures. The motiva-
tion behind modelling the ferroelectric in different temperatures is to better
understand the physics of the behaviour and to enable future uses in cold
temperatures.

This work presents for the fist time the voltage and temperature depen-
dence of hysteresis modelling of HZO capacitors, and throws light on the
intricate physical mechanism that will improve the understanding of the de-
vice characteristics for neuromorphic and cryogenic applications. Further
studies are underway for clarifying the physics more conclusively.



Chapter 8

Conclusions

The main objective of this thesis was to model the polarization switching in
ultrathin HZO MFIS capacitors. The Jiles-Atherton model was chosen as
it was able to be used with the data measured with the PUND-technique
and had not been used for HZO before. The performance of the model
was evaluated with different voltage pulse amplitudes as well as in different
temperatures. The pervasive issue of variation between devices was also
considered. The physical background of the Jiles-Atherton model was first
introduced in the derivation of the model, then in the parameter behaviour
and finally in the voltage and temperature dependent measurements. The
model averages over many statistical quantities, so the model is not directly
analytical, but has a strong physical background on top of which the analysis
is based.

The main finding of this thesis was that the ferroelectricity of HZO thin
film capacitors can be modelled with the Jiles-Atherton model with accurate
results. The parameters for the MFIS capacitors are distinct from those
reported for other materials, but the differences are proposed to be caused by
the differences in the material and device physics as well as model definitions.
The model can be used to extract parameters from an experimental hysteresis
curve or to predict the behaviour with devices not yet experimented with.
The JA model can model the minor loop behaviour from 10 Vpp down until
5 Vpp with a higher than 90 % accuracy for the P., Ef, E as well as the
area. The model is capable of accurately modelling the imprint effect, which
can have many causes including the unsymmetrical MFIS device stack. The
chosen accuracy values indicate how close the characteristic point predicted
by the model is to that of the experimental data. The accuracy values for
the temperature dependent data at 10 Vpp are also high, which means that
the model can be used in different temperatures. The shape of the hysteresis
curves are distinguishable, as the experimental data is augmented by the
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double-peak in the current data, which is caused by the improper wake-
up cycling of the devices. Since the devices exhibit this behaviour, futher
research needs to be done to confirm the simulation results with proper wake-
up cycling.

Accurate modelling of ferroelectric devices has been under a lot of re-
search recently, and the Jiles-Atherton model is very capable of modelling
the polarization switching behaviour with a small set of parameters making
it a computationally efficient model. The practicalities of using the Jiles-
Atherton model have not been clearly disclosed for ferroelectric materials. To
efficiently compare different devices and device implementations, the model
has to be specified clearly. In this work, the algorithm to solve the polariza-
tion is presented as well as the curve fitting process with the initial values as
well as the boundaries of the parameters used. The parameters are closely
related to physical differences in the ferroelectric material, which means that
the model parameters can be used to understand the physics of ferroelec-
tricity in different conditions as characterization. The Jiles-Atherton model
is able to reproduce the ferroelectric behaviour of HZO with only a simple
fitting and solving procedure, which makes it suitable for future work in large
scale system simulations.

This work is limited by the Jiles-Atherton model, which does not have
a dynamic contribution directly meaning that the switching time is not pre-
dicted by the simulations. The model convergence is dependent on a chosen
time step, which in this work is the same as the measurement frequency from
the experimental data. A dynamic contribution has been suggested in [41],
but was not implemented in this work. The model behaviour can be depen-
dent on the initial values and boundaries chosen, and in this work the values
were chosen with an iterative process, where the boundaries were changed if
a parameter was close to the boundary. Since the Jiles-Atherton model was
described with few details in previous publications, are differences between
those models and this making it difficult to compare the results. However,
this work aims at showing clearly the framework in order to enable com-
parisons between this and other works. The temperature dependent model
parameters are unreliable, as the process of wake-up is closely related to the
characteristic values like remanent polarization of the material. The device
is in an intermediate state, where the behaviour is highly unpredictable as
the domains are expected to be frozen. This work and the Jiles-Atherton
model in general does not model the endurance, cycle-to-cycle variance, or
fatigue of the devices, properties which are highly important for large scale
system integrations.

While this thesis shows that HZO polarization switching can be simulated
with the Jiles-Atherton model, it opens up a large range of possible future
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research topics. One possible direction is to implement the dynamic contri-
bution presented in [41], or instead expand the model with nucleation limited
switching model as is done in [21] for a Preisach model. A clear direction
of research is to redo the measurements and simulations at low temperature
with this time including a rigorous wake-up cycling. The effect of wake-up is
difficult to measure, as waking the device up also wears the devices. This is
why the endurance of the devices should be measured and possibly modelled
in room temperature to ensure that the temperature dependent behaviour
is not overrun by the fatigue or cycle-to-cycle variance of the devices. This
work faced the device-to-device variation by modelling dozens of devices on
the same wafer. In the future, the same could be done with more rigorous
wafer mapping of the devices, where the effect of distance from the center
of the wafer could be examined. The Jiles-Atherton model as it is presented
in this work can be implemented into a hardware description language like
Verilog or VHDL to be used in circuit simulations. It should be ensured that
the behaviour of the MFIS capacitors in this work correspond to that seen
in FeFETs with the same stack. Then, full circuit simulations of hardware
spiking neural networks with ferroelectric components could be implemented
as a part of the design process of microelectronics.

Overall, the most important result of this work is that the computation-
ally efficient Jiles-Atherton model is able to accurately describe polarization
switching in BEOL CMOS-compatible HZO MFIS capacitors, enabling fu-
ture simulations with a hardware description languages.
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Appendix A

Initial parameters and limits used

in the simulations

Parameter / value | initial | minimum | maximum
a 0.1545 | 1.0e-3 0.5

alpha 0.165 | -5.0 5.0 or 10.0
k 0.493 | 1.0e-3 2

c 0.30 le-3 0.99

Ps 0.46 0.01 1.5
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Appendix B

Voltage dependency

Table B.1: The accuracy values of the measured and simulated curves. At
lower VPP values the measuring of the characteristic values in the experi-
mental data does not give proper results, so the negative accuracies can and
should be disregarded for analysis. Up until 3 Vpp the Ec values are sensible,
below that they do not have a good definition.

Vpp | (Pr) | (Eer ) | (Ee ) | (A)
10.0 | 0.997 | 0.991 0.992 0.999
9.5 [0.992 | 0.991 0.993 0.997
9.0 [0.990 | 0.981 0.993 0.995
8.5 [ 0.988 | 0.982 0.993 0.996
8.0 [0.988 | 0.983 1.000 0.996
7.5 10994 | 0.985 1.000 0.999
7.0 |10.989 | 0.984 1.000 0.998
6.5 |0.993 | 0.993 0.993 0.996
6 0.985 | 0.985 1.000 0.993
5.5 10.994 | 0.985 0.993 0.989
5 0.953 | 0.964 0.993 0.967
4.5 | 0.874 | 1.000 0.961 0.983
4 0.776 | 0.955 0.884 0.874
3.5 10.822 | 0.850 0.960 0.808
3 0.668 | 0.747 0.546 0.832
2.5 |-0.909 | 0.865 -0.460 | 0.538
2 0.392 | 0.008 -0.006 | 0.284
1.5 10.024 |-0.775 | -2.671 | 0.002
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Figure B.1: Measurement in black dashed line and simulation with color.
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Figure B.2: The smoothed current measurements after the PUND subtraction
with different peak-to-peak voltages.
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Figure B.3: The simulation results if the parameter values are not fitted but
instead the only the input electric field is changed while the parameter values

are constant.
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Temperature data
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Figure C.1: The unsuccessful modelling of the temperature dependent be-
haviour with the exponential parameter development from [41]. The tem-
perature development in the previous work was done for high temperatures,
while this is in the low temperature spectrum and with distinct materials from
hafnium.



+ # Langevin equation modified to not crash at high values

2

Appendix D

Source code

def Lang(x):
if x > 20:
return 1
if x < -20:
return -1
else:

a = np.cosh(x)/np.sinh(x)

b = 1/x

return a - b

# Function that solves the hysteresis behaviour
def solve P_Fr_all(E_up,a,alpha, k, c, P_s,

# initializing arrays

D eff = np.zeros(np.shape(E_up))
P_irr = np.zeros(np.shape(E_up))
P_an = np.zeros(np.shape(E_up))
dP_irr =np.zeros(np.shape(E_up))
D = np.zeros(np.shape(E_up))

dD = np.zeros(np.shape(E_up))

P = np.zeros(np.shape(E_up))
epsilon0 = 8.854e-10

# Algorithm

for 1 in range(l,len(E_up)):
D[i] = P_irr[i-1] + epsilonO*E_up[i]

D_eff[i]

D[i] + alpha * P_irr[i-1]

99

dt=0.001):
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a1 dD[i] = (D[i]-D[i-1]) 7/ dt

a3 P_an[i] = P_s * Lang(D_eff[i]/a)

34 delta = np.sign(dD[i])

36 dP_irr[i] = dD[i] * (P_an[i]-P_irr[i-1])7/(k*
delta-alpha*(P_an[i]-P_irr[i-1]))

a7 P iarr[i] = P_irr[i-1] + dP_irr[i]*dt

a8 PLi] = (1-c)*P_irr[i]+c*P_an[i]

40 return P

41

2 # Function that solves the polarization starting from
intial zero, and then cuts off the excess. define
E input= [exp_E, exp_E, exp_E]

s def solve_P_Fr_long_all (E_input, a, alpha,k, c, P_s):

44 P = np.array(solve P_Fr_all(E_input, a,alpha, k, c,
P_s))

45 index = int(2*np.floor(len(E_input))/3.0)

46 P_cut = P[index:]

a7 return P_cut

48
» def model_fitter_all(data, file_index, sheet_index,
params, reverse=False):

50

51 a_init, alpha_init, k_init, c_init, P_s_ init =
params|[0]

52 a_min, alpha_min, k _min, c_min, P_s min = params|[1]

53 a_max, alpha_max, k_max, c_max, P_s_max = params[2]

54

55

56 exp_E up, exp_E_down, P_up, P_down = hyst data(data,

file_index,sheet_index)
57

58

59 exp_E = np.concatenate([exp_E up, exp_E_down])
60 exp_P = np.concatenate([P_up, P_down])

61

62

63 E up = np.concatenate([exp_E, exp_E, exp_E])

64
65

66 E_input = E_up



68

69

70

71

72

73

74

75

76

77

78

79
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if reverse == True:
E input = E_input][::-1]

popt, pcov = curve Tit(solve P _Fr_long all, E input,
exp_P, pO=[a_init,alpha_init, k_init, c_init,
P_s init], bounds=((a_min,alpha_min, k_min, c_min
, P_s_min),(a_max,alpha_max, k_max, c_max,
P_s max))) ## , bounds=((a_min, alpha_min),(a_max
, alpha_max))

P_optimal = solve P_Fr_all(E_input, popt[0], popt
[11. popt[2], popt[3],popt[4])

index = int(2*np.floor(len(E_input))/3.0)
P_plot = P_optimal[index:]
return exp_E, exp_P, P_optimal, P_plot, popt
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