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Abstract

The power consumption of digital circuits is proportional to the square of operation voltage and
the demand for low power circuits reduces the operation voltage towards the threshold of
MOSFETSs. A weak voltage signal makes circuits vulnerable to noise and the optimization of
circuit design requires an accurate noise model. RTN is the dominant noise for modern CMOS
technologies. This research focuses on the instability induced by Random Telegraph Noise (RTN)
in nano-devices for low power applications, such as the Internet of Things (IoT). RTN is a
stochastic noise that can be observed in the drain/gate current of a device when traps capture and
emit electrons or holes. The impact of RTN instabilities in devices has been widely investigated.
Although progress has been made, the understanding of RTN instabilities remains incomplete and
many issues are unresolved. This work focuses on developing a statistical model for characterising,
modelling and analysing of the impact of RTN on MOSFET performance, as well as to study the
prediction for long-term RTN impact on real circuits.

As transistor sizes are downscaled, a single trapped charge has a larger impact and RTN becomes
increasingly important. To optimize circuit design, one needs to assess the impact of RTN on
circuits, which can only be accomplished if there is an accurate statistical model of RTN. The
dynamic Monte Carlo modelling requires the statistical distribution functions of both the amplitude
and the capture/emission time (CET) of traps. Early works were focused on the amplitude
distribution and the experimental data of CETs has been too limited to establish their statistical
distribution reliably. In particular, the time window used has often been small, e.g. 10 sec or less,
so that there is little data on slow traps. It is not known whether the CET distribution extracted
from such a limited time window can be used to predict the RTN beyond the test time window.
The first contribution of this work is three-fold: to provide long-term RTN data and use it to test
the CET distributions proposed by early works; to propose a methodology for characterising the
CET distribution for a fabrication process efficiently; and, for the first time, to verify the long-
term prediction capability of a CET distribution beyond the time window used for its extraction.

On the statistical distributions of RTN amplitude, three different distributions were proposed by
early works: Lognormal, Exponential, and Gumbel distributions. They give substantially different

RTN predictions and agreement has not been reached on which distribution should be used, calling



the modelling accuracy into question. The second contribution of this work is to assess the
accuracy of these three distributions and to explore other distributions for better accuracy. A novel
criterion has been proposed for selecting distributions, which requires a monotonic reduction of
modelling errors with increasing number of traps. The three existing distributions do not meet this
criterion and thirteen other distributions are explored. It is found that the Generalized Extreme
Value (GEV) distribution has the lowest error and meets the new criterion. Moreover, to reduce
modelling errors, early works used bimodal Lognormal and Exponential distributions, which have
more fitting parameters. Their errors, however, are still higher than those of the monomodal GEV
distribution. GEV has a long distribution tail and predicts substantially worse RTN impact. The
project highlights the uncertainty in predicting the RTN distribution tail by different statistical

models.

The last contribution of the project is studying the impact of different gate biases on RTN
distributions. At two different gate voltage conditions: one close to threshold voltage [Vth| and the
other under operating conditions, it is found that the RTN amplitude follows different distributions.
At operating voltage condition, Lognormal distribution has the lowest error for RTN amplitude
distribution in comparison with other distributions. The amplitude distribution at close to [Vth| has
a longer tail compared with the distribution tail at operating voltage. However, RTN
capture/emission time distribution is not impacted by gate bias and follows Log-uniform

distribution.
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Chapter 1 Introduction

Chapter 1 Introduction

1.1 Preface and Motivation

In the microelectronics industry, metal oxide semiconductor field effect transistors (MOSFETS)
are one of the backbones of technological advancements. This is because aggressive scaling in
MOSFET’s dimensions has allowed billions of devices to be integrated on one chip, which enables
low power consumption, higher computational speed and functionality while also reducing the
price per device. The success of MOSFETs in analog and digital applications relies on the
remarkable stability of silicon (Si) and silicon dioxide (SiO2) materials. However, highly scaled
transistors at nanometre scales have major reliability issues that threaten integrated circuit
performance and stability. These include random telegraph noise (RTN) and several gate oxide
ageing phenomena such as hot carrier injection (HCI), gate oxide breakdown (BD), and bias
temperature instability (BTI) These instabilities cause the MOS transistor parameters, such as
threshold voltage shifting, fluctuating and/or drifting of current and mobility degradation [1].
Random Telegraph Noise (RTN), caused by discrete charge trapping-detrapping in the gate stack,
has become a significant contributor to transistor variability [2]. It affects circuits and systems over

their lifetime and needs to be taken into account in circuit design and modelling.

This research project will focus on RTN which gives rise to a discrete switching within the drain
current of MOSFETSs. The RTN was reported by Ralls et al in 1984 [3]. It was then investigated
and modelled by Kirton and M. Uren in 1989 [4]. This phenomenon becomes more important in
deeply scaled transistors [5] when even scaled down below 45-nm [6][7]. After the first processor
chips of the 45-nm technology node were released in 2007, great attention was paid towards the
impact of RTN on static random access memory (SRAM). SRAM is a critical component of very
large scale integrated (VLSI) systems as it provides the fastest random access time to stored data,
and is used for lower-level caches (L1-L3) and registers [8]. In order to increase the size of the
cache on a chip, it is desirable and economical to fit as many cells into an SRAM array as possible.
As a result, SRAM uses the smallest MOSFETS available from each technological node. For the
first time in 2009, the International Technology Roadmap for Semiconductors (ITRS) raised the
issue of SRAM noise margins, as the threshold voltage variability induced by RTN increases [9].

Nonetheless, there is continuing research and development to overcome transistors’ short channel

1
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effects due to scaling when using the high-x dielectric and metal gate (HK/MG) technique. In
2014, Intel Corporation commercially released the multi-gate transistor named Tri-gate on the 22-
nm technology node [10]. Figure 1.1.1 shows a chart of these two technology nodes’ characteristics
and their challenges [11]. RTN has become a severe reliability challenge in the age of tri-gate
transistors. The traps in gate dielectric are considered a main source of RTN. Traps are mainly
defects within microelectronic devices that can capture mobile charge carriers and degrade the

performance of the devices [12].

Technology node 45 nm ~ 22 nm ~

Device structure Metal gate

Hf-based high-x dielectrics
Interfacial layer
gGate dielectric

o

Oxide

Characteristics Hf-based high-x dielectric Multiple gate
Metal gate 3D structure
Challenges SCE NBTI
NBTI Variability
Variability Random telegraph noise

Figure 1.1.1 Trend of MOSEFTs structure and challenges [11].

Earlier work [13] has improved people’s understanding of defects and instabilities in MOSFETS.
There are, however, questions remaining to be answered. The ageing and instability of devices
under real use conditions is typically small and difficult to measure. To overcome this difficulty,
previous researchers [14] accelerated the ageing and increased the instability by stressing devices
under higher biases. This is acceptable for negative bias temperature instability since the generated
defects under raised biases are the same as those under real use low biases. For the instability
induced by the random telegraph noise (RTN), however, the dominating defects are different under
different biases. Consequently, the results obtained under raised biases are not applicable to real

operation. In addition, primary works on RTN also suffer from some further shortcomings:
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One of them is that devices have to be selected for their analysable RTN signals. In reality, many
devices do not have analysable RTN signals for extracting mean capture/emission time and their
drain current exhibits a complex ‘within-a-device-fluctuation (WDF)’ (details in section 2.5). This
selection of devices does not allow obtaining the true statistical properties of device instabilities.
Therefore, devices should not be selected to evaluate real device-to-device variation. Also, the test
window used for RTN measurement is typically very limited as longer time windows will result
in unfeasibly large amounts of data. These are the main deficits of models for the assessment of
statistical distribution of RTN time constant and amplitude. Another shortcoming of earlier work
is that researchers either do not report the threshold voltage fluctuation, AVtH, or simply evaluate
it from the current fluctuation by dividing the trans-conductance under the operation bias. As the
operation bias is typically well above the threshold voltage, the accuracy of AVrH evaluated in this
way is not known. Two potential sources of errors are: the neglect of mobility degradation and the
localization of current path under threshold condition. To assess the impact of instability on a

circuit, an accurate AVTH is essential, but not yet available in previous works.

The Internet of Things (1oT) will become increasingly important in the future and one of its key
requirements is low power. To achieve low power, the operation bias must be reduced. For lower
bias, the same AVtH will lead to higher variation of driving current, because of the increase of
trans-conductance. There is a lack of systematic data on the instabilities for lower biases. Because
of these mentioned shortcomings, there is no well accepted model available for assessing the
impact of RTN instabilities on circuits. This prevents the designers from optimizing their designs.
At present, the designers have to use an estimated margin to cover the effect of instabilities. RTN
also has severe impact on analog and RF applications in advanced complementary metal oxide
semiconductor (CMOS) technologies [15] such as CMOS image sensors [16] and flash memories
[17]. The flash memory devices are especially sensitive to RTN due to its reliance on charge

trapping as a mechanism for data storage.

The motivation of this project is to develop new techniques for characterising instability induced
by RTN in nano scale CMOS devices and to model it for low power applications. Low power
applications, such as 10T devices, require using low operation biases and the impact of instabilities
is larger under lower biases. There are no well accepted physics-based statistical device models

available for the above-mentioned instabilities induced by RTN that can be used to optimize the
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circuit design. In addition, most of the current studies for RTN characterisation were conducted in
the frequency domain [3] [18] [19]. Moreover, there are some concerns about using RTN
simulation tools such as Hidden Markov Model (HMM) [20], Time Lag Plot (TLP) (detail in
section 1.4.1) [21] and two stage L-shaped RC circuit (LSRCC) [22] in characterising RTN signal.
For instance, HMM simulator is limited to three active traps in a particular device. The RTN
waveform or 1/f noise spectrum generated by using LSRCC does not relate to the physical
mechanism of traps but is only a lookalike of the random waveform instead. In the case of TLP, if
the background noise (i.e. the noise from the measurement system or from the surroundings)
becomes comparable with the RTN current/voltage steps then the detection of precise defects and
parameter extraction become difficult. This project will tackle these challenges. Starting from an
in-depth understanding of RTN characteristics, the correct measurement conditions are identified
to estimate the statistical parameters of RTN from multiple devices. Finally, this work develops a
statistical model supported by extensive experimental data as well as simulation tool to predict

long-term RTN on real circuits in future.

1.2 Electronic Noise in Semiconductor Devices

1.2.1 Noise Mechanisms

In an electronic circuit, the currents and voltages fluctuate randomly around their average levels
due to the fluctuations of electronic transitions. This causes difficulty in distinguishing the required
signal from the noise when the noise power becomes significant in relation to the signal power
which typically referred as signal to noise ratio. In general, the signal to noise ratio in large devices
is better than in small area devices. Noise cannot be eliminated completely and hence it has been
a fundamental problem. Thus, ultimately the industry has to make adjustments by limiting the
accuracy of measurements and settling at a limit for detecting and processing small signals in
electronic devices. Earlier works have shown that noise is not only a problem but also has some
importance in evaluating and getting an insight to the properties of a particular system [23]. The
characterisation and classification of noise at low frequencies can provide important information
of the device quality, properties, physics and reliabilities such as traps or defects and scattering

processes.
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The noise in an electronic device is random and it is categorised into two groups: external noise
and internal noise. The sources of external noise in an electronic system are electrostatic and
electromagnetic signals, cross-talk between adjacent circuits, vibration from surroundings, light
and radio signals [24]. These disturbances can be minimised by protecting or shielding the
experimental environment, using filters, vacuum chambers, and by changing the layouts. The
second group is internal noise whose sources are defects or faults in the devices. Internal noise is
a random phenomenon and defects can exist anywhere in the bulk of the semiconductors,
dielectric, or at the interface between two materials. There are several noise mechanisms for
internal noise sources that can generate random fluctuations, such as thermal noise, shot noise,
flicker or 1/f noise, 1/f? noise, generation recombination noise, random telegraph noise and
avalanche noise. This thesis is mainly covering one type of internal noise, i.e. RTN. Practically,
most current and voltage fluctuations in electronic devices are considered to follow Gaussian
processes due to the central-limit theorem which states that the sum of a large number of
independent random variables shows Gaussian distribution. The one exception is random telegraph
noise, that depicts the switching of the signal between two levels and typically does not follow the
Gaussian distribution [4]. The different types of noise are briefly discussed below along with their
Power Spectrum Density (PSD).

1.2.1.1 Thermal Noise

Thermal noise is the most commonly discussed noise source in electronic circuits and is also
referred to as Johnson noise. Thermal noise caused by thermal random fluctuations of electric
charge carriers (electrons and holes) in a material when the temperature is above zero Kelvin. As
electrons are lightweight they are moving rapidly. This movement combined with their charged
nature induces fluctuating electric currents. These fluctuations in electric current are a form of
noise. This was first observed and studied by J. B. Johnson in 1928 and further explained by H.
Nyquist later in the same year [25][26]. Thermal noise follows Gaussian distribution and a constant
power spectral density (PSD) across a wide range of frequencies. Each time a charge carrier is
scattered, the velocity of the electron is randomized. The thermal noise even exists at zero bias
condition. Hence, this noise is considered as a major hindrance to extending Moore’s law into very
deep sub-micron technologies [27]. When gate to source voltage (\Vgs) is increased, it causes an

increase of charge carrier density in the channel of MOS transistors that simultaneously reduces
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the channel resistance. This in turn leads to the reduction of thermal noise in a particular device.
Statistically, thermal noise increases with temperature. If a piece of conducting material (metal or
semiconductor), having resistance R, the PSD of the thermal noise at a temperature T can be
evaluated by:

Sv = 4kTR Q)
where, Kk is Boltzmann’s constant [23][25]. This noise is also widely known as white noise in

electronic systems.
1.2.1.2 Shot Noise

In electronics, shot noise originates from the discreteness of charge carriers in the presence of an
electric field, also known as Schottky noise. The current flowing across the potential barrier, such
as a pn-junction, is not continuous and therefore shot noise is generated when the charge carriers
arrive or cross the barrier independently and at random. This type of noise was first observed in
vacuum tubes by Walker Schottky in 1918 [24][28][29]. The physics behind shot noise and thermal
noise are very closely related. However, the shot noise occurs only under DC bias and in
conducting materials that have a potential barrier. In a MOSFET, when each charge carrier ‘q’

crosses the barrier at a certain time then the current ‘I’ fluctuates with a PSD:

St = 2qIp, )
where S, is known as suppression factor whose typical value is less than 1 [24][28]. Both thermal
and shot noises are independent of frequencies and shot noise is also temperature independent
unlike thermal noise. In MOS transistors, high gate leakage current due to ultra-thin gate oxides
can also generate this kind of noise [30][31].

1.2.1.3 Generation Recombination Noise

Generation recombination noise, known as g-r noise, is the type of electrical signal noise that
originates from the statistical fluctuation of the current transport due to the random and
spontaneous capture and emission of charge carriers. When charge carriers get trapped by a defect
in the bulk or at the interface of the device, it can induce fluctuations even in the electric field,
mobility, space charge region width, barrier height, diffusion coefficient etc. [24][29][32]. In

electronic materials, the defects present within the forbidden bandgap are referred to as traps and
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if this trap is close to the middle of Si band gap then it is considered to stem g-r noise. These traps
exist in devices due to the presence of impurities, defects or faults in the semiconductor materials
or around the surface after manufacture. The power spectral density of the charged carrier
fluctuations can be derived as [33]:
4AN?T
sn(f) = T 2 (3)

Here, 1 is the average time constant for random switching carrier, f is the frequency and AN is the
change in the number of carriers due to the trapping and detrapping phenomenon. The spectrum
shape generated by equation (3) is referred to as Lorentzian. This type of noise is considered as a

function of both temperature and biasing conditions.
1.2.1.4 Flicker or 1/f noise

Flicker noise is a dominant electronic noise in the low frequency range with a power spectral
density proportional to 1/f. It is therefore often referred to as 1/f noise or pink noise though these
terms have wider definitions as it occurs in almost all electronic devices. It can show up with a
variety of other effects such as impurities in a conductive channel, generation and recombination
noise in a transistor. The origin of 1/f noise is related to traps in the gate dielectric hence it varies
from system to system and its physical mechanism has not been completely identified yet. Several
models have been proposed for the physical mechanism of 1/f noise, but the two major theories
are: the number fluctuation theory and the mobility theory. The carrier number fluctuation theory
states that the flicker noise occurs due to the random charge trapping and de-trapping processes in
the oxide traps near the Si/SiO2 interface. This fluctuation results in fluctuation in the channel
carrier density which in turn modulates the drain current [34]. For example, in order to characterise
each trap by the relaxation time (t), and the occupation function N(t) can be defined as : N =1
when the trap is occupied, N = 0 when the trap is empty. Then the power spectral density of N(t)
can be written as equation (3). In the case of several traps present with time constant (t), then the
superposition of RTN signal gives a 1/f noise with the overall PSD equation express as [35] :

KBquNt(EF)

S(f)=W (4)
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where, N; is the is the distribution of the traps over the energy and space, A is the coefficient of
electron wave attenuation and vy is the exponent. In contrast, the mobility fluctuation theory, also
known as Hooge’s Model, states that the current increases or decreases due to the fluctuation in

the carrier mobility [36]. The noise spectral density for the Hooge’s model is [37]:

agHI%
fY.N

S(f) = ©)

where, H = 2x107 is the Hooge constant [37], a, and y are material constant, and N is the number
of carriers. Flicker noise becomes a real problem for devices in nanoscale range as it increases
with the decrease of device dimensions. The level of 1/f noise is often considered as a measure of

the quality of semiconductor devices and its reliability.

1.2.1.5 Random Telegraph Noise

The study of RTN has provided new insights into the nature of defects within devices.
Theoretically, for a two-state simple current signal with amplitude Alp and the average time
constant (Poisson distributed time duration of staying at low state T and higher state tH) can
generate the following RTN signal shown in Figure 1.2.1, both in time and frequency domain
respectively. From such a signal the PSD of the current fluctuation of the device can be derived as
[38] :

4(AI)?

o+ |(+ %)2 + @rfr

Si(f) =
(6)
The types of PSD behaviour shown below are the Lorentzian type. RTN is an interesting study
from the electronic characterisation point of view as the random switching process can be acquired
from just one trap in the time domain. This thesis is mainly focused on this particular noise
characterisation of CMOS transistors and more details, methods and theories are further discussed

in the following sections and chapters.
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Figure 1.2.1 (a) lllustration of the RTS given by the impact of a single defect in the oxide in time domain (b) lllustration of a RTN
spectrum in log-log frequency domain for a single trap impact where fc is the corner frequency and 1/f? shows the Lorentzian
characterisation.

1.3 RTN in small-area MOSFETSs

1.3.1 Overview of RTN phenomenon

The discrete switching behaviour in the current and performance degradation of semiconductor
devices due to the presence of traps has been investigated ever since the first generation of CMOS
technology was developed in the 1960s [39]. The single switching event induced by RTN was
observed in 1978 in a junction field effect transistor (JFET) by Kandiah and co-workers [40]. Later,
the cause of RTN fluctuation due to interface trap and bulk trap in gate oxide of very small area
MOSFETs was observed by Ralls et al. and reported in 1984 [3]. However, there was a suspicion
about the origin of defects from 1/f noise, until K. S. Ralls et al. [3] reported that the 1/f noise of
MOSFETs most likely consists of many RTN signals. This observation was reported on the basis
of the work of McWhorter who suggested the number fluctuation model that states 1/f noise is
composed of a large number of RTNs by using Ge filament in 1957 [35]. An extensive amount of
research has focussed on RTN in electronic devices ever since. For the last few years, RTN has
been intensively studied in scaled memory cells like SRAMs, DRAMs, RRAMs [41], [42][43]

and also flash memories [17].

The typical behaviour of a simple RTN, caused by a single trap at the gate dielectric of small area
MOSFETS, results in a two-level signal as shown in Figure 1.3.1 (a). The drain current on this nano-
scale device is fluctuating under a constant gate voltage shown in Figure 1.3.1 (b) [44]. RTN studies

use this to characterise electron traps in nMOSFETSs and hole traps in pMOSFETS. These trapping
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events in MOSFETSs lead to changes in the threshold voltage of the device [45]. The induced
charges cause changes in the potential of the device which lead to a shift of the 1d-\Vg transfer

characteristic of the probed device, as shown in Figure 1.3.1 (c) [46].

Vg /
D
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Figure 1.3.1 (a) One typical measured RTN signal from a 90nm x50nm device, tc and te are the capture and emission times, and
measurement was done with Vg=-0.6V [45]. (b) Random Telegraph Noise [44] at constant Vg bias, oxide defects are charged and

discharged frequently. (c) Definition of threshold voltage shift at a specific current criterion by RTN [46].

The impact of an RTN trap and its energy information can be extracted from the RTN amplitude,
¢ (the average capture time) and te (the average emission time) according to Equation (7) [4] :
Tc Er —Ep

—= eXP(T) (7

e

where, k is Boltzmann constant, T is temperature, and Et is RTN trap energy level.

According to Pelgrom’s law, the fluctuation in a device by process variation is
inversely proportional to the square root of the device size, whereas the fluctuation

due to RTN is inversely proportional to the device size [44]. As mentioned, the impact

of RTN can be expressed in the form of threshold voltage shift (AVTH) at a fixed drain current as
illustrated in Figure 1.3.1 (¢) by Equation (8): [47]

q
AVipy = ———
™™ CoxWL (8)

where g is the electron charge, Cox is the gate oxide capacitance per unit area and W and L are the
channel width and channel length of the transistor respectively. The impact of RTN increases when
the transistor dimensions are scaled down due to the increase in AVTH which is inversely

proportional to the channel length and width as shown in eq. (8). Recent studies show that AVTH
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caused by RTN increases more rapidly than the threshold variation caused by random dopant
fluctuation (RDF). It is reported in [44] that RTN-induced AVTH may exceed RDF-induced

threshold variation at the 3o level in 22 nm technology, thus requiring more attention in future.

RTN signal characterisation includes three parameters: the switching amplitude of the drain
current Ald between the low and high states, the average time of the higher level usually associated
as capture time (tc), and the average time of the lower level normally denoted as emission time
(te). If plotted as a histogram the drain current amplitude will exhibit two peaks at a distance that
will equal to Ald. It has been reported that the high- and low-level times of the histogram are
normally exponentially distributed due to the Poisson process governing the dynamic trapping
events [48].

1.3.2 Physical Origin of RTN

Random telegraph noise (RTN) signal originates from the discrete switching behaviour in the
device channel resistance. This is due to the trapping of a charge carrier in the inversion layer that
causes change in the carriers of both the number and mobility fluctuation of the inversion layer.
The importance of this switching event in a scaled device increases due to the large impact of a
single defect on the device performance. Hence, RTN signals have become a major issue in nano
range devices and the measurements are usually suggested to be carried out with gate area < 1um?
[5]. The study of RTN can also be used as a powerful tool for investigating the capture and
emission Kkinetics of a single defect in the gate oxide, as there is a visible abrupt change in the
transistor current [49]. Moreover, in the deeply scaled submicron FETs there is more than one type

of defect present, which are responsible for the RTS noise in advanced transistors.
1.3.2.1 Generated Defects

Generated defects (GD) refer to the defects that do not exist in fresh devices. In other words, it is
a kind of trap that is created by electrical stresses [50]. It is reported in [50] that during a long
stress test, the generated defects near a percolation path in submicron FETs induce larger RTN
amplitude and a significant tail in its amplitude distribution. R. Gao et al. in 2016 [51] reported
that generated defects have two components depending on the applied measurement conditions:

one can repetitively charge and discharge and another one is very difficult to discharge. This kind
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of generated defect has been widely observed [52] but usually ignored [53] due to the lack of a
proper characterisation process. It is also reported in earlier works that GD can be determined after
carrier discharging [54]. As the discharging does not complete, it makes the extraction of GD
sensitive to the discharging time. R. Gao et al. proposed a procedure to determine GD which fully
captures the GD[51]. In addition to that, GD Kinetics are also reported to follow classical power
law under different overdrive voltages, which were used for long-term prediction of ageing.
Although the majority of generated defects are stably charged and do not induce random telegraph
noises in electronic devices, it has been reported that some GD can cause RTN [55]. This project
focuses on as-grown traps, as they dominate RTN typically. As-grown traps will be discussed in

the following section.

1.3.2.2 Pre-existing Defects

As-grown traps are also called pre-existing traps. These types of traps are already present in the
fresh devices after fabrication and before electrical stresses. At present, the understanding of these
traps is incomplete and there is a lack of a model which can predict the long-term RTN induced

by them.

R. Gao et al. investigated pre-existing defect kinetics on heavily stressed devices where further
defect generation is supressed [52]. Pre-Existing defects’ Device-to-Device Variability can be
extracted and analysed from the charging and discharging Kinetics on stressed devices [51]. They
reported two types of pre-existing defects: As-grown traps (AT) and Energy Alternating Defects
(EAD) [51]. It is observed that the energy of as-grown traps does not change during the charging
and discharging of charge carriers whereas in the case of EAD the energy level is pulled down
after charging and goes back to the original level after discharging. The filling time (charging and
discharging time) of EAD is much longer than ATs, which is just a few seconds. Hence, the
charging kinetics of ATs and EADs can be separated by using the differences in their energy
behaviour during charging and discharging [56], [57]. It is also reported that EADs follow a power
law relationship like GD but with different exponents, thus needing separate modelling. From these
investigations, it is found that the short term RTN noise is mainly dominated by as-grown traps
and energy alternating defects do not induce RTN. Hence, RTN fluctuation is dominated by ATs.

Generally, if as-grown traps can be successfully modelled, the long-term RTN of nano scaled

12
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devices can be predicted by an extrapolation method. The following chapters of this research work
are focused on characterising and modelling the long-term impact of RTN induced by as-grown

traps.

1.3.3 RTN Parameters

As already mentioned above, the RTN is characterised by three parameters: the amplitude
associated with individual traps as well as the average time to capture and emission of charge
carriers. These parameters are essential for the physical characterisation of the defects with the
aim of extracting key attributes such as, energy level and the location of the traps in the

oxide/dielectric interface.

1.3.3.1 RTN time constant behaviour

The time constant distribution of an RTN signal can be obtained from a simple two-state measured
RTN signal over some period. The mean or average time of tc and te are referred to as tc and te
respectively. In the time domain, the time of the current fluctuation stays at high or low level are
stochastically distributed and the probability distribution of an individual trap follows an
exponential distribution [4]:

1 t
Py (t) = 7 exXp <_ _> )

H,L TH,L
where, P (t) is the probability of the transition state at high or low with the corresponding average
time constant Ty, respectively and t is the time of interval. The capture and emission phenomenon
of a charge carrier can occur anytime and is thus a random phenomenon. As the number of states
of asingle trap RTN is 2, the total number of possible levels in a device is 2", where n is the number
of traps in a device. For example, for 3 RTN traps the number of states is 8. There are occasions

when the number of levels is smaller than 2", as some traps can be co-dependent.

RTN parameters are known to have a strong dependence on the operation conditions, i.e. the gate
voltage (VQ), drain voltage (Vd), substrate bias (Vbs) and temperature. Earlier works have
mentioned that this dependence can be used to reveal the underlying information of the trap
parameters such as trap density, capture cross section for electrons and holes, energy of the trap

site and the distance of traps from the Si/SiO; interface [4]. Figure 1.3.2 shows the energy band
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diagram of an nMOS transistor. The traps below the Fermi level (Er) with black circles represent
the traps that are filled, and above Er (the white circles) are empty. The trap energy level is denoted

as Erand the traps (grey circles) around the Er are acting as switching traps.

gate oxide

gate electrode o ' o| substrate

ET"' 'i??&;ﬁ--Ep
Jr;"'; /-
v by

Eg : Fermi level

/ E; : trap energy level

O empty trap in gate oxide
switching trap in gate oxide
@ filled oxide trap in gate oxide

switching traps

Figure 1.3.2 Energy band diagram of an nMOS transistor [58].

Furthermore, the nature of the centre, that is whether the trap is acceptor-like or donor-like, can be
studied from dependencies that were mentioned above. For instance, depending on the type of the
trap involved (acceptor or donor) and the type of the carrier, high and low states can be identified
as either capture (tc) or emission (te) time of the carrier from and to the relevant band [59]. Figure
1.3.3 shows a schematic diagram to explain the RTN trap type in time domain analysis. The lower
level in the Figure 1.3.3 represents the state when a single trap is neutral (state 0), and the upper
level (state 1) is the state when the trap is full i.e. either negatively or positively charged. For an
n-channel MOSFET, an acceptor-like trap is negatively charged (when in state 1) after capturing
an electron and becoming neutral (when in state 0) after emitting it, whereas a donor-like trap is
neutral when capturing an electron (i.e. at state 0) and becoming positively charged (at state 1)
after emitting it. In both cases, the higher current state corresponds to the neutral state [60]. The

trap occupancy increases with applied VVg. Therefore, if the time constant at a lower current state
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(or, equivalently the high voltage state) increases with Vg then the trap is acceptor-like and state
1 is equivalent to te and vice versa in the case of donor-like [59][61], as demonstrated in the

schematic in Figure 1.3.3 (b) for acceptor-like trap and Figure 1.3.3 (c) for donor-like trap.

Trap charged State 1
(a)
Ald/Id

State O

Trap neutral

Te T
capture T, emission emission T capture
Acceptor-like trap Donor-like trap

(b) (c)

Figure 1.3.3 Schematic identification of donor and acceptor traps for electron trapping de-trapping. (a) State 0 is where the trap
is neutral and state 1 is after the trap is charged. Capture and emission process and corresponding mean capture and emission
times are shown for an (b) acceptor trap and (c) donor type trap.

Additionally, for an nMOSFET where the channel carrier is electrons, the trap occupancy function
() can be written mathematically:

Te

fe = (10)

T + T,

where f; corresponds to the probability that the trap is filled with an electron [4]. From eq. (10),
the ratio of the mean capture and emission time can be derived as:
Tc 1-1;

Te B fi (1)

Here, the probability that the trap is filled with an electron increases with an increase in Vg and

therefore, the ratio of t¢/te decreases with increase of Vg.

Moreover, there are two factors that need to be considered in the study of time constant of RTN

measurement within the time domain: the number of transitions of t; and te and the resolution of
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the observed data. High resolution is needed for RTN measurement so that no transitions between
states are missed. To obtain accurate tc and te there must be a sufficient number of transitions
between states. According to Uren and Kirton [4], there should be a minimum 200 transitions
within at least 20,000 data points in order to have error less than 10%. The difficulty arises when
high resolution results in a large amount of data, which limits the measurement time window.
Hence, the proper average time constant distribution is rarely reported in the literature based on
experimental data and there is a lack of a convincing statistical distribution of tc and te. One of the
main objectives of this research is to develop a technique that increases the time window by
keeping the fast sample rate without generating an unmanageable amount of data. This will be
possible by making the storage rate slower than the sampling rate. Further details will be discussed
in Chapter 2 .

1.3.3.2 RTN Amplitude behaviour

The amplitude of the noise signal is another important parameter. This is because downscaling
device sizes causes a rapid increase in RTN amplitude, which can lead to transient probabilistic
failure of digital CMOS circuits [62][63][64]. RTN amplitude is the current fluctuation obtained
as the difference between the discrete levels of RTN. Practically, the RTN amplitude is more
difficult to model due to its wide range observed from sample to sample and even for different
RTN traps in the same transistors. According to Kiron and Uren [4], there are two mechanisms
which contribute to RTN amplitude: the change in the density number of the carriers and the
change in the mobility due to the charge carriers. Mathematically, the fluctuation change of the

drain current can be represented in terms of number and mobility fluctuations [65]:

Ald 1 (1 ON 1 au0> 12

Id - WxL \NoN, T on,
where, N is the number of carriers per unit area, Nt is the number of occupied oxide traps, W is the
channel width, L is the channel length and p, is the carrier mobility. The sign in front of the
mobility term in equation (12) depends on the type of trap either acceptor or donor. In case of
NMOSFETS, usually if the ‘mobility term’ holds a ‘-’ sign then the centre is neutral when occupied
i.e. a donor-type trap present whereas the ‘+’ sign holds for a charged trap when filled i.e. acceptor
trap [65]. However, some authors assumed that for nMOSFETS, Id is higher when trap is neutral

for both donor-like and acceptor-like, although little evidence has been provided [61]. This means
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that, for donors, the impact of mobility reduction on Id is larger than the impact of an increase of
electron number in the channel. Donor has smaller amplitude due to the compensation effect
between number increase and mobility reduction. Some other groups also assumed that when a
donor is positively charged, it will not increase the number of electrons in the channel i.e., the
‘number term’ in eq. (12) equals 0. It was proposed that a dipole will be formed between the ‘+’
donor and ¢-’ electron, so that this electron is not mobile as shown in Figure 1.3.4. The ‘-’ immobile

electron in the channel causes Coulombic scattering and reduces drain current (1d) [66].

interface Interface
/\ ’
v O
dipole full scresning
(hole in channel). (hole at center)

3| D

Figure 1.3.4 Schematic drawings of the space charge distribution for a Coulomb-attractive defect center near the SiO; -Si
interface of a p-channel MOSFET. (a)Hole bound in the potential well of the channel, (b) Hole bound at the Coulomb-attractive
defect center in the oxide [66].

RTN amplitude also has a dependency with applied Vg. It has been reported that on average, the
RTN amplitude decreases with increasing Vg [21], [67]. RTN amplitude can be expressed as either
normalized drain current fluctuation Ald/lq or the equivalent AVTH shift. Recently, RTN amplitude
distribution has attracted much attention due to the lack of proper statistical characterisation. The
main uncertainly in RTN amplitude distribution is the exact number of traps present in a device.
If there is more than one trap in a device, then they might couple with each other and result in a
form of multi-state, complex RTN signal. It has been widely reported that RTN amplitude
distribution mostly follows either an exponential [21], [67], [68], [69] or log-normal [6], [21], [70]
distribution but without providing the underlying mechanism. Zhang et al [70] provide new
insights into the RTN amplitude distribution by considering the impacts of trap coupling. They

mentioned that this amplitude distribution changes from exponential-like to lognormal-like with
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the increase of the coupling effect i.e. the trap coupling effect can change the form of amplitude
distribution functions [70]. Wang et al. [67] further claim that an increase in Vg changes the RTN
amplitude distribution function in FinFETs. The distribution function is important for the
prediction of RTN impacts on circuits towards high-c tail [67], where o is the standard deviation.
Therefore, the long tail of the statistical distribution of RTN amplitudes has become one of the

major issues in circuit designing which can only be predicted with a correct distribution model.

1.4 Existing RTN characterisation methods

RTN plays an important role in the field of miniaturizing transistor dimensions. The trapping and
de-trapping phenomenon of charged carriers is one of the origins of noise in electronic devices
[11], [71]. There is a need for a compact model to precisely predict and simulate the impact of
random telegraph noise in advanced integrated circuits. The following sections of this chapter will
introduce and discuss some of the typical existing methods that are used to study RTN signals for
its parameter extraction and characterisation. Their underlying advantages and drawbacks and

some open issues will be discussed.

1.4.1 Time Lag Plots (TLPs)

The main aim of characterising RTN is to extract the statistical features of the noise signal, starting
from the unprocessed data. A time lag plot is also referred to as a lag scatter plot, which is a tool
for analysing the autocorrelation in time series data that can also be used as a tool for analysing
time domain RTN measurement [21]. TLPs are a graphical representation of measured data. It is
plotted by taking data at the i" time interval, ti, against the data at i'"+1 time interval, ti«1. Figure
1.4.1 shows an example of TLPs for a signal trap RTN taken from the experimental data of this
work. The details of the experimental measurement and extracted data are discussed in Chapter 2
and Chapter 3.
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Figure 1.4.1 (a) A simple two state RTN single in time domain taken from experimental data and (b) corresponding simple TLP,
showing only two clusters of data points for a single RTN trap.

From TLPs, the amplitude of RTN signal can be extracted. As each cluster in the plot represents
each state of a single RTN trap, the amplitude of the RTN can be determined by taking the distance
between the centre points of the two clusters as marked with red dash lines in Figure 1.4.1 (b).
Hence, TLP can be used to extract the RTN amplitude only and for the time constant, the ratio of
the high and low time constants follows from the ratio of the counts in both clouds [71].This
method is difficult to use for analysing long-term RTN data where there is more than one trap, as
shown in Figure 1.4.2. This is due to the lack of an unambiguous way of identifying RTN levels

specifically in the presence of system noise or white and 1/f noise in the measured data [6].
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Figure 1.4.2 (a) Long term RTN measurement in time domain and (b) corresponding TLP showing ambiguous results to extract
the correct RTN parameters by following this method.

19



Chapter 1 Introduction

1.4.2 Weighted Time Lag Plot (w-TLP)

w-TLP is a refined version of TLPs that is also referred to as coloured TLP. It has been designed
to overcome the limitations of TLPs by minimizing the effect of the background noise in the RTN
data, which impedes the detection of the accurate RTN states. This method is implementable and
robust even with a lot of background noise [71][72]. The plot has the same starting point as TLP
with coordinates [Ip (ti), Ip (ti+1)]. In addition, this method can be used to extract two traps i.e. up
to 4 RTN states by applying different weights to different data points in the clouds as shown in
Figure 1.4.3 (d). In comparison to Figure 1.4.3 (b) which is a TLP of RTN signal shown in Figure
1.4.3 (a), a different colour or weight is applied to the data set which makes it possible to distribute
4 different current levels as shown in the histogram Figure 1.4.3 (c) and the coloured TLP of (d).
The data clouds become more visible based on the density of the data as shown in Figure 1.4.3 (d).
For the parameter extraction, the centre of gravity of each cloud is then calculated by taking the
magnitude of the data points around the clouds, the distance between points and the grid in the
cloud [71].
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Figure 1.4.3 (a) Time series generated by the hidden Markov routine in Matlab and containing a small and a large amplitude
RTS; (b) corresponding simple TLP, showing only two clouds of datapoints; (c) amplitude histogram derived from the time
domain signal and (d) colored TLP, showing the presence of the two RTSs. [71].
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This procedure yields the weighted magnitude for one grid point and in this way the other current
levels can be determined. One more advantage of this method is that it can be used to extract the
number of states of unknown RTN signal according to Puglisi’s report in 2017 [73]. The limitation
of this model is the accuracy of the extracted values as the trap location is estimated and the
selected average data cluster size from the centre point is an assumption from the centre of gravity

of the cloud.

1.4.3 Gaussian Method

In the literature, one of the most frequently used approaches for extracting RTN parameters from
the simple case of two state RTN signal is by fitting the histogram of the measured RTN data as
shown in Figure 1.4.4 [73]. This approach is known as the Gaussian method. By fitting the data
shown in Figure 1.4.4 (a) with bi-Gaussian distribution model, it is possible to extract the two
discrete levels of the RTN trap which will be the difference in the average of the two Gaussian
distributions. Afterwards, the time constant values can be extracted by the combination of the
amplitude histogram with a noise spectrum in frequency domain. This will provide the necessary
information to determine the capture and emission time constant [71]. The PSD spectrum can be
calculated by equation (13) :

A
]

where, S represents the noise current spectral density, Ao is the plateau amplitude at low frequency

S =

and fo equals the corner frequency of the generation-recombination (g-r) level [71]. Afterwards,
the time constant (tc, te) Values are extracted by deriving equation (13) with the following equation
(14) :

2nfy = — + 14

o =+ - (14)

However, the accuracy of the extracted value of T becomes lower when there is more than a
single trap RTN.
The main assumption of the Gaussian distribution method is that the background noise such as the
noise from the instruments and surroundings are considered as Gaussian. The Gaussian distribution

is also used for extracting multiple states of RTN from the plotted histogram, known as the
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Gaussian mixture as shown in Figure 1.4.4 (b). However, this method is difficult to extract in
multiple states of RTN signals. The limitation of this method is when the RTN levels of different
states are close to each other, the plotted distributions in the histogram will be close and overlap
with each other, so that the precision of the histogram fitting degrades. In addition, the Gaussian
method is also not reliable for the prediction of the RTN amplitude distribution. Therefore, a

quantitative analysis of complex RTN signals needs more advanced techniques and tools.
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Figure 1.4.4 Puglisi et al., 2017. [73]

1.4.4 Hidden Markov Model (HMM)

HMM is an advanced and the most popular and versatile model available in MATLAB based
software. It is considered a powerful tool in the field of pattern recognition and statistical signal
analysis. It is widely used to extract the statistical properties of RTN signal caused by traps. HMM
model assumes a Markov (memoryless) process characteristic with hidden states i.e. the discrete
RTN levels. Generally, the Baum-Welch algorithm [74] is used to estimate the parameters of the
hidden Markov chain along with a log-likelihood estimation maximization (EM) approach.
Another approach is using the Viterbi algorithm [75] that extracts the most likely path based on
the measured data and extracted HMM parameters. Figure 1.4.5 demonstrates some simple noisy
RTN test data which is fitted with an HMM waveform from which RTN parameters are extracted.
The probability distribution of capture and emission times extracted is expected to have
exponential distribution and their average gives tc and te values. The amplitude fluctuation is

obtained as the difference between the discrete RTN current levels.
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Figure 1.4.5 Measured RTN data and extracted idea RTN waveform using HMM simulation.

The limitation of HMM approach is same as those affecting TLPs and histograms fitting methods
i.e. facing challenges in characterising multilevel RTN signal. When using the HMM algorithm, it
is required to make assumptions on the number of hidden states. In the case of incorrect assumption
of hidden states from the original observed RTN signal, applying HMM can end up with incorrect

extracted values.

1.4.5 Factorial Hidden Markov Model (FHMM)

FHMM is a refined version of HMM, proposed for the statistical analysis of complex or multi-
level RTN from multiple traps. The measured signal is assumed to be a superposition of a number
of independent two-level RTNs, with each of them from one trap and modelled by a Markov chain
[72][77][78]. Figure 1.4.6 shows an example of such a model used to extract the parameters of
multi-level RTN [73] . Although this raises the number of RTN traps analysable from one device,
it becomes increasingly difficult to apply as the number of traps in a device increases with the time

window.
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Figure 1.4.6 An example showing the use of FHMM for RTN parameter extraction by Puglisi in 2017. [73]

F. Puglisi in 2017 [73] claimed that among all the mentioned models for RTN parameter extraction,
HMM and FHMM provide better accuracy compared to TLP, WTLP and Gaussian fittings.
Besides these models, there are other approaches as well which have been used in the literature.
One of them is called the Markov Chain Monte Carlo (MCMC) model which applies the Gibbs
sampling algorithm [79]. Currently, all these methods (HMM, FHMM and MCMC) face some
common issues such as:

= Limitation of accuracy when the superimposed RTN is strong i.e. the accuracy of the

extracted parameters decreases as the number of RTN states increases.

= The difficulty of dealing with instabilities and temporary random phenomena.

= Limited measurement time window, as large data sets are difficult to process and handle.

» Typically, all these models assumed a Gaussian distribution of the superimposed noise

which may not always be true.

1.5 Thesis Outlines

This thesis focuses on characterising random telegraph signals induced by as-grown traps by
introducing a new RTN measurement technique for long-term prediction and modelling of RTN
impact. To study and obtain such information, the main problem of the limited measurement
window will be tackled first in this work. This is followed by an assessment of the statistical

distribution of RTN parameters.
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This thesis is divided into seven chapters. Chapter 1 is the literature review. A brief introduction
and background information of random telegraph noise is discussed along with its phenomenon,

origin, and some existing characterisation methods.

Chapter 2 describes the devices and test facilities used in this research and also some basic
electrical characterisation techniques by means of current-voltage (ld~Vg) measurement. The
recently developed Within-Device-Fluctuation (WDF) measurement technique is presented.

Chapter 3 the methodology and details of the new RTN overnight measurement technique is
provided in steps.

Chapter 4 investigates the statistical distribution of RTN time constants. A methodology for
efficiently characterising the capture and emission time distribution for a fabrication process is
proposed and for the first time, the long-term prediction capability of capture/emission time

distribution beyond the time window used for its extraction is verified.

In Chapter 5 , the accuracy in modelling the statistical distribution of random telegraph noise
(RTN) amplitude has been studied. A novel criterion for selecting RTN amplitude distribution has
been proposed. The uncertainty in predicting the RTN amplitude distribution by different statistical
models is highlighted.

Chapter 6 represents the gate voltage impact on the statistical distribution of RTN amplitude and

time constant and discusses its unique features that make it suitable for each statistical case.

Finally, Chapter 7 draws the main conclusion of the research and provide some remarks,

suggestions and proposals for future research in this field.
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Chapter 2 Devices and Test Facilities

2.1 Introduction

This chapter will represent the devices and test facilities used in this research work, along with an
overview of basic electrical characterisation methods of CMOS devices. Firstly, the available test
facilities required to conduct the experiments is described. Next, the wafer used for testing and the
device specifications are discussed. Thirdly, the basic methodology widely used for characterising
noise in CMOS devices is briefly presented. Finally, the details of the recently developed Within-

Device-Fluctuation (WDF) measurement technique is explained.

2.2 Test Facilities

Noise measurement is a sensitive process and needs careful handling. The equipment used in this
research to conduct the measurements includes a personal computer for programming, a pulse
generator (Agilent 81160A), a Femto DHPCA-100 amplifier, a home-made electrical circuit, a
parametric measurement mainframe (Agilent E5270A) with 4 source measure units (SMUs), and
two 4-channel oscilloscopes (Agilent infinilum MSO8104A / MSO9404A). The tests are
conducted by using the Cascade Summit Probe Station with a controllable heating plate to maintain

a pre-set temperature.

The measurement starts by conducting the conventional transfer characteristic (IV) sweep (details
in the section 2.4.1) to quickly check if the connections and devices are working as expected before
proceeding further. The available control program was written in Visual Basic (C+) language. The
pulse generator Agilent 81160A is used to generate the input voltage which is connected to the
gate terminal of the Device Under Test (DUT). The constant drain voltage is provided via the
home-made circuit which is powered by Keysight E3632A DC power supply. The output drain
current (Id) of the device is then amplified and converted to an output voltage that is monitored
and recorded by the oscilloscopes. The data is then transferred to the computer to manage the

storage limitations of the oscilloscope. The overview of the system is illustrated in Figure 2.2.1.
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Figure 2.2.1 lllustration of measurement set-up.

2.3 Wafer and Device specification

The sample used for this work is from CSR plc (formerly Cambridge Silicon Radio, acquired by
Qualcomm in 2015). This wafer is fabricated by Taiwan Semiconductor Manufacturing Company
(TSMC) with a 28nm semiconductor technology node. This research work uses NMOSFETSs from
the CSR wafer which has a metal gate and a N28HPL high-k/SiON stack. The channel length and
width used are 27x90 nm, respectively. The equivalent oxide thickness is 1.2 nm. The maximum
and minimum temperature used for the test are 125°C and 28°C, respectively. Figure 2.3.1 shows

the sample of CSR wafer that is used in this work.

However, the kind of the devices in CSR wafer were not mentioned in its datasheet but the devices
were not FINFETSs. FINFET device are more challenging than for planar devices predominantly due
to reliability and performance concerns associated with the complex geometric structure. For
FinFET, the influence of RTN depends on the relative distance between the charged trap and
dominant current path. For example, the trap located in the middle region between source/drain
and around the bottom of sidewall interface would exhibits the highest impact. Unlike planar
devices, FINFET actually has intrinsic percolation path (PP) even for the uniform device due to its
nonplanar structure nature. The intrinsic PP location changes with increasing Vg in FINFET. This

issue has not been tackled in this work.
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Figure 2.3.1 Sample of CSR wafer.

This wafer contains two groups of devices: individual devices and array devices. These groups of
devices can be accessed by two probe cards 78662 (Cantilever Probe Card) specifically designed
to probe these embedded standalone transistors. The right side (green part) of the probe card in
Figure 2.3.2 (a) is used to select a device size by make the gate, source and drain connections with
the system. One is designed for the individual devices and another one is for array devices only.
The differences between these two probe cards are: the array probe card has the decoder
connections to automatically handle a set of devices within a DIE. In contrast, the individual probe
card is only designed to manually access each transistor. Figure 2.3.2(a) shows the design of the
probe card used in this work. In this research, NMOS array devices have been used. A single DIE
has 16 identical transistors in total, where an individual transistor is at the centre of the die, as
shown in the schematic diagram [80] in Figure 2.3.2 (b). These array transistors are accessed by a
4-bit decoder. The array devices and the decoder are connected according to the layout of the CSR
devices and probe card. The decoder is controlled by 6-SMUs where 2-SMUs are used to supply
Vdd and GND to the decoder and 4-SMUs from the Agilent E5270A are used to supply the voltage
to the four bits of the decoder. The overview of the Agilent E5270A 4-SMUs connections is shown
in Figure 2.2.1. The decoder is activated by assigning Vdd = + 0.9V. Once the decoder is active, it
is possible to access one of the 16 array DUTSs according to the bitl~bit4 assignment from 0000 to
1111. Here, 0 means OV and 1 means + 0.9V.
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Figure 2.3.2 (a) The probe-card and (b) the schematic representation of Decoder Enable lines connecting to transistors
(numbered 0-15) and a center transistor (circled) [80].

2.4 Electrical transistors characterisation

This section gives a brief introduction about the experimental methodology that is commonly used
for monitoring the charge trapping dynamics in a reliability study of MOS transistors. Device level
electrical characterisation is a fundamental tool that is used to study and verify the basic
characteristics of a transistor. It is important in the modelling of a device in order to calibrate the
model. The basic elements for characterisation of instability are lI4-Vy measurement and Vtn

extraction. Here, a brief review of these two methods is presented.

2.4.1 Conventional 14-V, characterisation

Conventional I4-Vg characterisation is usually the first step to evaluate a device by measuring the
currents at the terminals versus the applied voltages. The instrument that allows this kind of
measurements is known as a parameter analyser. The IV sweep measurement is the most
conventional characterisation method and can be performed using commercial Source Measure
Units (SMUs) [81]. SMUs are used to measure current and voltages by applying a Vg sweep at the
gate of the MOSFET under a constant drain bias (V4). The typical waveform and the pattern are
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shown in Figure 2.4.1. The usual speed of this kind of Iq measurement is around one to ten seconds
for a full IV sweep depending on the step size used. Thus, this conventional measurement
procedure is also called quasi-static or slow DC measurement. This kind of measurement can
accurately measure small currents down to 10™° A [57]. Many properties and parameters of a

device can be extracted from IV characterisation such as, mobility, threshold voltage etc.
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Figure 2.4.1 Typical IV test waveform. A constant drain voltage Vd is applied using SMU and another SMU used to provide the
Vg sweep and voltage and current are simultaneously recorded for each step from several to hundreds of milliseconds [57].

2.4.2 Threshold Voltage extraction

As mentioned in the previous section, IV measurement is a useful tool in the case of parameter
extraction of MOS devices. One of the most important parameters is the threshold voltage shift
(AVTh). It is a key parameter when considering RTN characterisation, as AVtn fluctuation is
caused by the trapping and de-trapping of charge carriers. There are many different methods of
extracting the threshold voltage of MOS transistors from IV measurements [82]. The two most
powerful and easy methods are the maximum gm and constant current methods which are briefly

described below.

The max-gm method is the most popular way of extracting Vrw, proposed by Ghibaudo [83]. The
procedure for extracting VtH is shown in Figure 2.4.2. The figure is plotted in MATLAB. First, the
gm (transconductance) of the 1V curve is calculated by finding the first derivative (blue curve in

Figure 2.4.2) of Id~Vg curve and plotted. At the maximum point of gm, a tangent is drawn from the

30



Chapter 2 Devices and Test Facilities

max-gm Vg value as shown in the Figure 2.4.2 (the blue dash line). The intercept of the tangent line
on the x-axis of Vg is the extracted Vtn (blue square box in Figure 2.4.2). On the other hand, for
constant current method a line is drawn on the IV curve (black dash line) at 4 = constant drain
current (lacc). A typical lgec i1s 100nAXWY/L. The corresponding Vg value at the crossover point of

this line is the extracted V1r.
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Figure 2.4.2 Max-gm (blue dash lines) and constant current (black dash line) method extracted Vth. Here Idcc is properly
selected to intercept at the same Vth as max-gm method on a fresh device [57].

2.5 Within Device Fluctuation (WDF) technique

As the impact of a single defect increases with the scaling down of device size, the 14 fluctuation
due to an individual defect on nano-scale devices cannot be averaged out as the number of defects
in a single nano device is decreasing. This phenomenon results in Within Device Fluctuation
(WDF), a measurement technique proposed by M. Duan [84], [85]. Duan et al. [86] proposed that
WDF is a quick and concise analysing method for characterising RTN signals. The authors also
reveal that WDF mainly originates from the stochastic charging-discharging of defects that are
located near Fermi level (Er) at the interface as presented in Figure 2.5.1. For a given Vg, the Er is

below the silicon valence band (Ev) where the traps present are only as-grown traps [86], [87].
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Figure 2.5.1 A schematic illustration of the energy location of two groups of defects: AHTs and GDs [87]..

When there are more than 3 traps in a device, then the step-like Id fluctuation induced by RTN is
replaced by a complex within-a-device-fluctuation as shown in Figure 2.5.2 [87]. To analyse the Iq
fluctuation as well as to reduce the huge data storage, the ‘Envelope’ (Env) of the fluctuation is
used, which represents the worst case of the Iq fluctuation. That is, the maximum is the upper
envelope, UE (worst case), and the minimum current fluctuation is the lower envelope, LE, and
the difference between them is the WDF. The worst-case UE is the sum of LE and WDF (WDF =
UE — LE). A typical WDF waveform is shown in Figure 2.5.2 (c) and (d). In Figure 2.5.2 (C) it is
demonstrated that WDF behaviour with upper and lower envelope increases with stress time. Figure
2.5.2 (d) shows that an increase of measurement time window enhances WDF [18]. This is due to
a large time window capturing slower traps that lead to an increase in WDF. The averaged WDF
results are found to follow a logarithmic relationship against the time window. As reported by
these earlier works [84]-[87], WDF/RTN is caused by only as-grown traps (AT). Hence, this
project deals with only AT traps and understanding the WDF phenomenon and its measurement is

one important part of this work.
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Figure 2.5.2 Examples of (a) RTN and (b) within-a-device-fluctuation (WDF). (c) The typical WDF behavior with upper and lower
envelope and (d) A Increase of WDF with the time window (tw). The insight is taken from (c) which shows the upper limit of the
envelope is around 0.2 V and Lower envelope is nearly 0.1 V [87].
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Chapter 3 Development of new characterisation method

3.1 Introduction

In electronics, measuring noise is a complicated task, as the required measurement signal strength
is very weak, nearly ~1 pA. Hence, the measurement set-up must be cautiously designed with
appropriate shielding to avoid or minimise any unwanted disturbance from the surroundings. This
research is focused on RTN analysis in the time domain and its test is designed with the help of an
oscilloscope. The overview of the measurement set-up is presented in section 2.2. This section will
follow up the explanation and discussion of the measurement set-up along with the purpose of
developing the new technique that is used to conduct the test and collect data. In short, the objective
is to present a clear visualization of the measurement methodology.

3.2 Methodology of new characterisation technique

The characterisation of RTN is mostly important for low power application circuits, where the
operation voltage is slightly higher than the threshold voltage. The primary shortcomings of
existing RTN characterisation methods are: not all devices have observable RTN i.e. no clear time
constant which results in a need for careful device selection. The measurement time window used
is very limited, e.g. 10 sec or less [88],[20] so there are few reports on slow traps. Thus, the purpose
of the new technique is to provide the long-term RTN data by developing a continuous data
acquisition process to extract more information for the assessment of RTN parameters statistically
within the time domain. The procedure of the newly developed technique is described in the

following sections.

3.3 Experimental Steps

This section describes the experimental steps for the RTN test. The aim is to successfully establish
an overnight RTN test i.e. long time window ~10° sec (nearly a day) and to manage and collect
the huge amount of data. Once the systematic test is ready, overnight RTN data is recorded from
multiple devices for statistical analysis. The objectives are as follows:

= First, check and compare the system noise with the signal strength.

= Select a sampling rate by scoping test.
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= Check transfer characteristics to make sure the connection and devices are working
properly.

= Using different rates for data sampling and data recording to overcome hardware
limitations with the help of two oscilloscopes.

= Systematic RTN overnight test for statistical results.

3.3.1 System Noise level

One of the main issues while conducting these measurements is the system noise. At a given DC
bias, the current flowing through a device can be described as Ip(t) = Ioc + i(t), where the Ipc is
the desired signal at the applied bias and i(t) is the random fluctuating current due to external noise
sources and fundamental physical processes. As mentioned earlier in section 1.2.1, this external
noise is introduced from the surroundings of the system such as, cross-talk between circuits, any
vibrations, electrostatics and electromagnetic coupling from power line etc. These disturbances
cannot fully be eliminated but can be minimized by properly protecting the test environment by
shielding, filtering, using vacuum chambers, and optimising layout etc. It is important to find out
and reduce the system noise to a level that will not mask the desired signal. In this work, the noise
level has been minimized by using aluminium foil paper shielding, copper wires, coaxial cables
and an ACR Line-R 1200 noise canceller. Figure 3.3.1 represents a few blocks of the test set-up for

visualization.
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Figure 3.3.1 Experimental set-up representing in blocks.

Here, block (1) shows the Femto DHPCA-100 amplifier and the home-made circuit with batteries,
to provide constant drain voltage, and its adjacent points are connected with the probe station using
copper wires for earthing. Block (2) represents the probe card connection from the front view.
Block (3) shows the use of aluminium foil. Since the system was not vacuumed, aluminium foil
is used to cover some of the adjacent connections on the probe card to reduce disturbance from
surroundings. Coaxial cables are recommended for noise reduction and the system was powered
via an ACR Line-R 1200 noise canceller. The probe card is further shielded with copper wires as
shown in block (4). Altogether, the amplified system noise for this work has been successfully
maintained below £1mV. Figure 3.3.2 is an example of the system noise (green traces) along with
the expected RTN signal (black line). The measurement condition used is: Vg = 0.5V, Vp=0.1V,
temperature is 125 °C under sampling rate of 1 MSamples/sec. As already stated, this work is
focused on investigating the distribution of charging and discharging of as-grown traps only, hence
low bias of 0.5V is chosen at gate for the tests to minimise the interference from any trap generation
process [89]. Such near threshold operation lowers the power consumption and can be useful for

low power applications, such as the edge units of the 10T, which suffer acutely from noise issues.
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Figure 3.3.2 An example to represent the noise level of the system (a) in linear-log scale (b) linear-linear scale.
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3.3.2 Sample Rate selection

One of the main challenges in characterising RTN signals is the difficulty of measuring small
currents at a high sampling rate and how to perform this test for long time periods on many devices
for statistical results. The continuous sampling of RTN fluctuation will need huge data storage
capacity. The measurement time steps are related to the sampling frequency (Fs) in the signal by,
Fs=1/At, where At is denoted as time intervals. As the time window increases, for example, with
1 MS/sec, where ‘MS’ is “Mega-Sample points’, the size of the data set for one measurement is 10
MS for a time window of 10 sec. The total measurement data points can be calculated by,

Time Window
Data Points = At (15)

Therefore, the number of data points becomes larger with the longer time. For a time window of

10° sec (~ day), the total data size becomes intolerable as the data set size rises to 100 GS, which
is beyond the memory depth of modern oscilloscopes. Hence, it requires developing new data
acquisition techniques to control data size. This is achieved in this work by using different rates
for data sampling and data recording (details given in section 3.5).

To choose a sampling rate for RTN measurement, a scoping test has been done. The RTN is
measured under different sampling rates and then the extracted envelope (Env), as marked in red
in Figure 3.3.3 (2), is used to select the best sampling rate for this work. Figure 3.3.3 (a) is an example
of an RTN signal sampled under 1 MS/sec. Although it shows that there are only a limited number
of steps in the Env, it does not mean that a low sampling rate can be used to extract the Env. The
plot in Figure 3.3.3 (b) is the Env at 10 sec time window that was obtained from the recorded test
data at different sampling rates. It clearly shows that slower sampling rate leads to lower Env. This
is due to it failing to capture the fast traps [90]. However, when the sampling rate reaches 1 MS/sec,

the Env starts to saturate. Hence, a sampling rate of 1 MS/sec is used hereafter.
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Figure 3.3.3 (a) An example showing extraction of RTN envelope from experimental data. (b) Evn at 10 second time window (Tw)
extracted from (a) is plotted against sampling rate to depict the impact of sampling rate on the envelope.

3.4 Pulse IV measurement

The conventional 1d-Vg measurement technique that is described in section 2.4.1 is not applicable
for the fast transient instabilities in high-k materials and there is a need for a faster and more
reliable measurement technique. Hence, the pulse 1V technique is first introduced by Kerber et. al
[91] and there are many works that have been performed by using this method [92]-[94]. This
research also used this technique for the quick IV measurement to increase confidence in the basic
connection and operation of the system. Also, the transfer characteristics (TC) for each device

under test were recorded for further RTN analysis in the future.

The pulse generator is used to generate a pulse to be applied at the gate of the transistor. The
constant drain to source voltage, Vp is applied at a low level of 100mV, with the help of a home-
made circuit to eliminate any noise from bias circuitry. The amplified output, Vour is then
monitored and recorded by a digital oscilloscope during the pulse edge which is further converted
to the corresponding current value by simply dividing by the amplified gain, Id = Vout/Gain. The
amplifier gain used for the devices of this work is 10k. This available pulse measurement system
is a calibrated system used by previous researchers AT LIMU [57], [84]-[86], which ensures that
the system has an acceptable noise level and performance. The waveform that is applied to the
gate terminal is shown in Figure 3.4.1 (a) and (b) shows the typical results of a pulse IV
measurement. Figure 3.4.1 () shows the typical expected TC behaviour from the applied pulse 1V
sweep on the CSR 27x90 nm nMOSFETSs which depicts that the system is working as expected.

The system is ready to carry out RTN measurement.
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Figure 3.4.1 (a) Typical waveform of a Pulse IV measurement [57]. (b) Typical results of pulse IV. (c) The expected (Id~Vg)
transfer characteristics of the device.

3.5 RTN overnight test

The conventional RTN is measured from the drain current (Id) of a device that occurs due to
switching between two discrete levels under a constant gate bias, Vg and drain voltage Vd. In this
work, the test starts by measuring a pulse 1d~Vg with Vd as 0.1V and pulse edge time of 3us. The
Vg is stepped from zero to 0.5 V and Id is monitored against time under Vd = 0.1 V. The waveform
of Vg and Vd used in this work are showing in Figure 3.5.1. The average threshold voltage (Vth)
of the nNMOSFETSs used here is 0.45 V and Vg is chosen to be Vth+0.05, as the requirement of low
power is driving VVdd towards Vth and near threshold computing acutely suffers from RTN [95].
The temperatures used are 28 °C and 125 °C.
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Figure 3.5.1 Applied voltage waveform for conventional RTN measurement.

In this research, the hardware limitations that have been taken into account are: handling too much
data, limited storage space and time-consuming processes. To handle huge amounts of data, two
oscilloscopes have been used to monitor current, 1d. One of them has a time window of 10 sec and
every data point is recorded. The other has a time window of 10° sec and monitors the maximum
and minimum points of the signal at 1 MS/sec. The oscilloscopes automatically detect the max and
min values of the Id current on the screen and that value is recorded every 20 seconds for the
overnight test. This is because the purpose is only to depict the envelope and most of the time the
envelope remains the same (refer to section 4.3.2). This is how the data storage rate is made
different from data sampling rate. To overcome the oscilloscope reaching the memory limit, the
data is recorded and directly saved in the PC with an external hard drive. As the entire test will be
time-consuming, the best possible methods have been adopted to carry out the expected test while
maintaining reasonable data collection time. Such as how much data can be saved in the PC in a
reasonable saving time? A quick scoping test has been done to find the solution, as shown as an
example in Table 1. The values in Table 1 are the data transferring and saving protocol from the
oscilloscope to the personal computer. Figure 3.5.2 shows that the time for saving data directly in
the PC increases as the data size increases. From the plot and the table, it could be calculated that

the data saving time increases approximately 10 times with every decade increase of data size.
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Table 1 Data acquisition protocol from oscilloscope to PC.

Time window [Number of data| Time to save data
(ms) points ~ (ms)

1.00E-03 1 22
1.00E-02 10 22.6
1.00E-01 100 34
1.00E+00 1000 44
1.00E+01 10000 100
3.33E+01 33300 300
1.00E+02 100000 990
1000 | o

’g 800 - | ® Time to save data .

o |

E 600 —

2 ,

§ 400 i 1

] |

8 200 ; |

|
10° 10" 102 103 104 10°
Data Size

Figure 3.5.2 Data saving time against data size.

The systematic characterisation protocol of the work is summarised in the flow chart Figure 3.5.3.
The whole test was automated to carry out the steps shown in the flow chart for each measurement.
At first, a quick IV check is done and recorded. The system is then stopped to get ready for the
RTN test by applying the bias shown in Figure 3.5.1. Initially in the RTN test, 10 sec of data is
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saved. The aim is to capture the fast traps under 1 MS/sec. Then, the measurement is restarted to
collect continuous overnight RTN data at a constant applied gate bias. As stated, two oscilloscopes
(OSC) are used, OSC 1 monitors RTN raw data and records it every 0.1 sec. The 0.1 sec is the
minimum delay and saving time of 1 data point from the OSC needed before the OSC screen
updates and allows the next data point. If delay time, less than 0.1 sec is used then there will be
overlapped of saving same data point twice. Since, the purpose was to save continuous acquisition
of RTN data as quickly as possible, the minimum delay time of 0.1 sec has been used rather than
using a greater value. Here, the main intention was to capture the slow trap response in the presence
of fast traps and find any relation between RTN time constant distribution with time window. On
the other hand, OSC 2 is used to monitor the envelope of the signal. The target was to collect data

to find the real time constant distribution without considering any parameters.
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measurement
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Figure 3.5.3 The flow chart for the overall overnight test.
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An example of an RTN overnight measurement result is shown in Figure 3.5.4 where the black line
is the 10 sec data with upper and lower envelope (red lines) and the blue line is the overnight raw
data with upper and lower envelope (green lines) data recorded every 20 sec from the experimental
measurement by using another oscilloscope (OSC 2). As already mentioned above, the
oscilloscopes automatically detect the max and min values of the Id current on the screen. These
max and min values can be saved directly from the OSC screen to the OSC hard disk by generating
one file. This was the limitation that arose while saving these values from OSC as these data
couldn’t be append in the same generated file while recording, and each time one new file has to
be created to save a single data point. For instance, 1M data point will be saved in 1M files which
reaches the hardware limitation of the work for overnight measurement. Since the purpose is only
to depict the envelope and most of the time the envelope remains the same (refer to section 4.3.2),
here, with some trial and error process for the data analysis, handling software program and plot
convenience, the concept of downscaling of data had been taken into account and each file is saved
every 20 sec. However, as seen in the Figure 3.5.4 from the 10 sec raw data, there are 10 million
data points. In the case of envelope extraction, there is no need for 10 million points to depict the
shape of the RTN distribution as most of the time the upper and lower envelope remain steady, as
seen from the Figure 3.5.4. Hence, the measurement is carried out under 1 MS/sec but the data
storage rate is made different to avoid the difficulty of handling huge amounts of data, as already
described earlier. However, both the upper and lower Env measured by the two oscilloscopes join

together smoothly as shown.
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Figure 3.5.4 An example for RTN overnight measurement.

Although from the above figure, it can deduce that there are both acceptor and donor traps present,
as the fluctuation can be seen in both positive and negative directions unfortunately this work does

not have enough results needed to convince and support this as discussed in section 1.3.3.2.
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Chapter 4 Statistical distributions of time constants

4.1 Introduction

As discussed in Chapter 1, the downscaling of transistor size continues, and therefore the impact
of random telegraph noise (RTN) is becoming an increasingly important consideration [4], [67],
[96]-[98], for three main reasons. First, a single trapped charge has a larger impact on smaller
devices. Second, RTN-induced malfunctions in a system are mainly caused by the devices in the
tail of its amplitude statistical distribution. More transistors per chip increase the number of devices
in the tail. Third, low power operation requires smaller overdrive voltage, (Vdd-Vth), so there is

less room to tolerate the RTN-induced jitter of threshold voltage, AVth.

To take RTN into account, when optimising circuit design, substantial efforts have been made to
model RTN [99]-[104]. For dynamic Monte Carlo modelling, one needs the statistical distributions
of the number of traps per device, the amplitude of RTN per trap, and the capture/emission time
(CET) of traps [67], [104], [105]. Earlier works [102], [70] have focused their attentions on the
amplitude distributions but CET distributions have rarely been reported, based on test data [4],
[20], [88], [106], [107] This is because it is difficult to obtain a sufficient amount of experimental
CET data to establish a convincing statistical distribution.

The difficulties arise when CET is measured directly from the two discrete states of drain current,
it requires a device having one trap only within the test time window [88]. This limits the number
of CETs available. The Hidden Markov Model (HMM) [20], [108] has been used to extract trap
properties. To analyse the RTN of multiple traps, Factorial HMM (FHMM) is proposed, where the
measured signal is assumed to be a superposition of a number of independent two-level RTNs,
with each of them from one trap and modelled by a Markov chain [77], [109]. Although this raises
the number of traps analysable from one device, it becomes increasingly difficult to apply as the
number of traps in a device increases with the time window. Although it is generally believed that
there is no clear upper limit for CETs [4], [67], [105], [110] the time window used in earlier works
is often limited, e.g. 10 sec or less [20], [88] (mentioned in section 3.2), partially to control the
number of active traps in one device and partially for test convenience. RTN has been measured
for longer time windows [111]-[114], but the statistical CET distributions were not established

based on these test data.
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4.2 Motivation for the investigation of statistical CET distribution

So far, most published RTN analysis is based on limited data from which two cumulative
distribution functions (CDF) have been proposed for CET: Log-uniform [4], [67] and Log-normal
[106], [107]. A Log-uniform distribution means that CET is statistically uniformly distributed
against logarithmic time. With the help of a Monte Carlo simulation, CET is assumed to be either
Log-normal or Log-uniform distributed as shown in Figure 4.2.1. 2,000 traps are then Poisson
distributed into 400 devices. The CETs are randomly generated to create the simulated devices and
verify the distributions. The following equations were used in MATLAB simulation to generate
CETs:

lognrnd (tsiqre tena, [1, N1) ; for Log-normal,;

CETS = {10(tstart+(tend_tstart)*rand(ljlv)); for Log_unlform_

(16)
where tsq.r+ and t.,q are the start and end points of the time window, respectively and N is the

number of traps.

As demonstrated in Figure 4.2.1, the two distributions are very different, especially if they are used
to predict long term RTN outside of the time window. Log-uniform CDF predicts that the number
of active traps increases linearly against logarithmic time without saturation, while the Log-normal
CDF predicts that there are fewer traps with long CETs and the CDF approaches saturation. As a
result, the long-term RTN modelling cannot be trusted unless one has a trustable CET distribution.

The motivation of this work is to investigate the statistical distribution of the capture and emission
times of the traps responsible for RTN. To do so, the objectives of this work are three-fold: to
obtain the long-term RTN data experimentally and, based on them, to assess if any of these two
and other distributions of CETSs are correct; to propose a methodology for characterising the CET
distribution; and to address the issue how accurately a distribution can make long term RTN
predictions. As the practical time window for statistical tests is ~1day, it is of importance to assess

how accurately this data can be used to predict the RTN for years ahead.
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Figure 4.2.1 A comparison of the cumulative distribution functions (CDF) proposed for CETs: Log-normal versus Log-uniform.

4.3 Methodology and Measurement

Earlier works used two approaches to obtain the statistical capture/emission time distribution.
These are: extracting CET directly [20], [88], [106], [107] or inferring the CET distribution from
indirect measurements [4], [105]. As mentioned earlier, the difficulties in extracting CET directly
often led to inadequate data to establish CET distribution unambiguously [4], [88]. Based on the

measured CETSs, some researchers proposed Log-normal CET distribution [106], [107].

The 1/f noise spectrum was used to infer the CET distribution [4]. It has been shown theoretically
that a Log-uniform CET distribution will produce the commonly observed linear relation between
power spectrum density and 1/f [4]. There are, however, two concerns with this inference. Kirton
and Uren [4] showed that 1/f spectrum is insensitive to CET distribution and different CET
distributions can produce a similar spectrum. Another concern is that the 1/f spectrum typically
has a low frequency limit of ~1 Hz, corresponding to an up-limit in the time domain of ~1 sec.

There is a lack of data for the long-term distribution, therefore.
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A Log-uniform CET distribution is also inferred from the negative bias temperature instability
(NBT]I) tests [105]. It has been shown that the AVth grows linearly against logarithmic time within
the first ~1 sec [105]. Unfortunately, the charging kinetics starts deviating from this linear
relationship [105], as new traps are generated [115], [116].

The approaches adopted by earlier works is not followed in this research as those works did not
give long term data for establishing CET distribution. Instead, an overnight RTN test had been
carried out. Figure 4.3.1 shows the result of an overnight noise measurement. Although the noise
amplitude may appear insensitive to time, when plotted in linear scale in Figure 4.3.1 (a), the plot
against logarithmic time in Figure 4.3.1 (b) shows that noise amplitude clearly increases over a
longer time. It is difficult to extract CETs from such data unambiguously. Instead, the increase of
noise amplitude with time in Figure 4.3.1 (b) can be used to uncover the underlying CET distribution

and the methodology for this is described in the next section.
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Figure 4.3.1 A typical overnight RTN measurement plotted against time linearly (a) and logarithmically (b). Although RTN

amplitude appears constant against time in linear scale, it increases with time in log-scale in almost all measured data.

4.3.1 Methodology to extract statistical CET distribution

For a time window of tw, traps with CETs less than or close to tw are covered by the measurement.
An increase in tw will bring slower traps into the measurements, leading to a higher cumulative
RTN amplitude, as shown in Figure 4.3.1 (b). The build-up of RTN amplitude with time can be

used to uncover the cumulative distribution function of CETSs, therefore.
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To illustrate this methodology, a case study is given in Figure 4.3.2. Figure 4.3.2 (a) shows the
combined simulation results of 5 traps with their amplitude, capture and emission times listed in

Table 2. The envelope of the complex multi-level RTN, Env, is extracted by,

AVth(ti), if AVth(ti) > Env(ti — 1),

Env(ti—1),  if AVth(ti) < Env(ti — 1). (17

Env(ti) = {
The RTN of each trap is given in Figure 4.3.2 (b-f). When the fastest trap makes a capture, it causes
the first step-up of the envelope in Figure 4.3.2a, as marked out by (1)’ in Figure 4.3.2 (a) and (b).
As the amplitude of this trap is fixed, the envelope remains the same when this trap goes through
subsequent RTN events. When the second fastest trap becomes active, it causes the second step-
up of the envelope, as marked out by ‘(2)’ in Figure 4.3.2 (a) and (c). As time increases further,
slower traps progressively become active, resulting in more step-ups in the envelope, as marked
out by the corresponding numbers in Figure 4.3.2 (a) and (d-f). The evolution of the envelope with
time in Figure 4.3.2 (a) originates from a distribution of time constants of the underlying traps,

therefore.

For the simulation, the available model of R. Gao proposed in [158] was used by modifying. For
each hypothetical devices, the number of traps, n, single trap impact, 6VtH , energy level, Er,
barrier height, AEB generated by using the statistical distributions in equation 18 :

6VTH )

SVTH = n~lexp (——

" (18)

Where, the average single trap impact, n is calculated out by using the proposed methodology in
[98] which suggested that the corresponding 1 can be calculated from the mean and average sigma
(o) of the envelope at a specific time. For example, in this simulation work, mean and average
sigma (standard deviation) is extracted from 400 test devices at 0.1 sec to get n by using the
following equation 19 :

n=- (19)
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Figure 4.3.2 A simulation result of a device with 5 traps with their properties in Table 2. (a) shows the combined multi-level RTNs
and the extraction of envelope. The RTN of each trap is shown in (b)-(f), respectively. The red arrows mark the first contribution
of each trap to the envelope.
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Table 2 Properties of traps used for the simulation in Figure 4.3.2.

Capture Emission AVthi
Trapi Time (sec) Time (sec) (mV)
Trapl 1.44 x10° 1.94 x107 0.435
Trap2 5.84 x107° 8.38 x107° 0.198
Trap3 1.20 x10°® 2.68 x10* 1.446
Trap4 2.60 <10~ 2.69 <10 0.739
Traps 1.52 x10™ 3.90 <107 0.181

To support this methodology, dynamic Monte Carlo simulations were carried out. As mentioned
earlier in the section, CET is assumed as either Log-normal or Log-uniform distributed, as shown
in Figure 4.2.1. The 2,000 traps are Poisson distributed into 400 devices and the simulated results
were recorded for analysis. Each grey line represents the envelope (Env) of one device in Figure
4.3.3 (a) for log-uniform and in Figure 4.3.3 (b) for Log-normal distributions. The black lines are
the average results of 400 hypothetical devices. Although the envelope of individual device
increases in steps, their average rises smoothly with time. A comparison with the CDF of CETs in
Figure 4.2.1 clearly shows that the average Env correctly uncovers the underlying cumulative

distribution of CETs. One can use the experimental Env of RTN to extract the CET distribution,

therefore.
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Figure 4.3.3 Simulation results for 400 devices with Log-uniform CDF (a) and Log-normal CDF (b). Each grey line represents one
device. The black line is the average.
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4.3.2 Devices and Measurement

nNMOSFETSs with a channel length and width of 27x90 nm were used in this work. The high-
k/SION stack has an equivalent oxide thickness of 1.2 nm and the gate is metal as discussed in
section 2.3.

The test pattern used is as shown in Figure 3.5.1 from Chapter 3 . Tests start by measuring a pulse
Id~Vg with a pulse edge time of 3 us. The drain voltage bias used is Vd = 0.1V. The Vg waveform
stepped from zero to 0.5 V and Id is monitored against time. The gate voltage Vg = 0.5V is used
as the average threshold voltage of the nMOSFETSs used in the work is 0.45 V and so the Vg is
chosen to be Vth+0.05 V. As mentioned in section 3.5, the requirement of low power is driving
Vdd towards Vth and the near threshold computing acutely suffers from RTN [95]. The

temperatures used are 28 °C and 125 °C.

It has been reported that both as-grown traps and traps generated by stresses can induce RTN [55],
[117], [118]. The generation process, however, follows power law [119], which is different from
the Log-uniform [4], [67] or Log-normal distributions [106], [107] of time constants for charging-
discharging as-grown traps. This work focuses on investigating the distribution of time constants
for charging-discharging as-grown traps and a low Vg = 0.5 V is chosen for the tests to minimise
the interference from the trap generation process [89]. Moreover, metastable and anomalous RTNs
have been reported [67], [97] and their effects have been included in the experimental data.

The Id fluctuation, Ald, is calculated from Id-Iref, where Iref was evaluated from the average Id
between 1 and 10 ps. As Vg is close to Vth, AVth can be evaluated from: Ald/gm [98], where gm
is the transconductance and is obtained from the pulse Id~Vg. The system noise is below +1 mV

as shown in Figure 4.3.4.

The extraction of the envelope from experimental data is illustrated in Figure 4.3.4. As discussed in
section 3.3.2, the sampling rate for this work used is 1 MS/sec, where "MS' is "Mega-Sample
points'. Figure 3.3.3 (b) shows the sampling rate impact on Env. Slower sampling rate leads to lower

Env, as it fails to capture the fast traps [90].
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Figure 4.3.4 Extraction of RTN Envelope from experimental data (black lines). The green trace represents a device of limited step-
like change in AVth.

With 1 MS/sec, the size of data set for one measurement is 10 MS for a time window of 10 sec.
For a time window of 10° sec (~ day), the data size rises to 100 GS, which is beyond the memory
depth of modern oscilloscopes. To overcome this difficulty, different rates for data sampling and
data recording is used as details given in Chapter 3. As shown in Figure 4.3.3, the number of steps
in Env are limited and Env remains constant most of the time. Hence, Env can be recorded under

a much slow rate, although it is measured at 1 MS/sec.

As mentioned, in this work two oscilloscopes were used to monitor Id. One of them has a time
window of 10 sec and every data point is recorded. The other has a time window of 10° sec and
monitors Env at 1 MS/sec, but the result is only recorded every 20 sec for the overnight test. The
Env measured by this set-up is given in Figure 4.3.5 for 51 different devices. Each grey line
represents one individual device and the red line is their average. The Env measured by the two

oscilloscopes joins together smoothly.
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Figure 4.3.5 The overnight RTN envelopes measured by two oscilloscopes: The oscilloscope 1 covers up to 10 sec and the

oscilloscope 2 covers longer time. Each grey line represents one device. The red line represents the average. The temperature is
125 °C.

The statistical tests require repeating the same test many times for different devices. For a time
window of overnight, the test becomes costly in terms of test time and it is desirable to minimise
the number of devices under test (DUTS). For a time window of 10 sec, DUTs up to 402 were used
and the average Env at 10 sec is plotted against the number of DUTS in Figure 4.3.6. Initially, the
average is sensitive to the number, but settles down within 2% when the number is over 50.

Therefore, this work can use 50 DUTS to extract the average Env for the overnight tests.

It should be clarified that, in addition to RTN, the measurement can also include other sources
contributing to the 1/f spectrum. By using the measured data to characterise RTN, this work
effectively treated the other sources as additional RTN through a higher RTN amplitude. For
nanoscale MOSFETSs, RTN plays a dominant role. This can be seen from the step-like changes of
the envelope in Figure 4.3.4 and Figure 4.3.5. Figure 4.3.4 also shows that, when the step-like changes

are small, the total noise is much lower (the green trace).
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Figure 4.3.6 The Impact of the number of devices on the average envelope. When the number of devices is over 50, the error is
within 2%.

4.4 Statistical Distribution of CETSs

For the first time, the overnight RTN experimental results in Figure 4.3.5 are used to assess the
statistical distribution of CETs. The non-saturation behaviour is widely observed for device
ageing, which typically follows a power law [120]-[123]. To test if the Env also follows a power
law, an attempted is taken to fit it with a power law. Figure 4.4.1 (a) shows that the agreement with
power law is not good. Figure 4.4.1 (b) and (c) show that the experimental data fit reasonably well
with Log-uniform and Log-normal distributions, respectively. This demonstrates that good fitting
with experimental data is not a sufficient criterion for qualifying a model [89], [109], [120]. As
the mission of modelling is to use the model to predict the device performance where experimental
data are not available for model extraction, the predictive capability of these models will be tested

next.
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Figure 4.4.1 The evolution of envelopes with time. Symbols are experimental data and dashed lines are fitted with (a) power law,
(b) Log-uniform, and (c) Log-normal.
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4.5 Prediction of the long-term CETs

Although Figure 4.4.1 (b) and (c) show that the CETs within a time window of ~ day can be fitted
reasonably by the Log-uniform and Log-normal distributions respectively, most electronic
products require a lifetime of years, rather than days. To optimize a design, one needs to model
the impact of RTN over the whole device lifetime. As it is impractical to carry out the repetitive
statistical tests with a time window of years, one relies on the fact that the models extracted from
the test of ~ day can be used to predict three orders of magnitude ahead to reach ~ years [89],

[116], [120]. The question is how to verify this long-term prediction capability of a model.

As there is no test data of ~ years, it is impossible to have direct verification. What is available
from this work is the test data up to 2x10* sec in Figure 4.3.5. Reducing it by three orders of
magnitude gives a time window of ~ 10 sec. The model based on the data in a time window of 10
sec can be extracted and then it can be used to predict the RTN three orders of magnitude ahead to

reach ~ 10% sec. As this work has the test data for ~ 10* sec, this prediction can be verified.

The solid black lines in Figure 4.5.1 (a-c) represent the model extracted from the data with a time
window of 10 sec for power law, Log-uniform, and Log-normal distributions, respectively. The
dashed lines are obtained by extrapolating the solid lines according to the extracted models. When
compared with the experimental data that has not been used to fit the models (red symbols), the
Log-uniform CDF in Figure 4.5.1 (b) is the clear winner. It predicts that Env reaches 18.5 mV at 10
years. The power law in Figure 4.5.1 (a) overestimates Env and gives a value of 47.5 mV at 10
years. On the other hand, the Log-normal CDF in Figure 4.5.1 (c) underestimates Env and gives a
value of 12.8 mV at 10 years. The Log-normal CDF approaches saturation at a longer time, which
was not observed in the test data. As a result, the experimental data supports the log-uniform
distribution of CETSs.

As the model extracted from the test data over five orders of magnitude of time between 10 and
10 sec can be used to predict three orders of magnitude ahead, it gives confidence that the model
extracted over eight orders of magnitude from 10 to 2x10* sec can also be used to predict three
orders of magnitude ahead, reaching ~ years.
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Figure 4.5.1 Testing the predictive capability of the power law (a), Log-uniform (b), and Log-normal (c) CDFs. The experimental

data up to 10 sec (blue symbols) were used to extract the CDFs (black solid lines). The obtained CDFs were then used to make

prediction beyond 10 sec by extrapolation, as shown by the dashed black lines. The Log-uniform CDF has the best agreement
between prediction and the experimental data (red symbols).

60



Chapter 4 Statistical distributions of time constants

4.6 Characterising Log-Uniform CDF

The Log-uniform CDF of CETs only have one parameter to be characterised: the number of traps
per decade of time, Nt. This research proposes the following procedure to extract Nt:
= measure the RTN of multiple devices.
= extract the Env of each device, as shown in Figure 4.3.4.
= obtain the average envelope, as shown in Figure 4.3.5, and fit it with a straight line against
logarithmic time, as shown in Figure 4.4.1 (b), and obtain the Slope.
= measure the amplitude of the RTN per trap and determine their average value, .

= Evaluate Nt by: Nt = Slope/p.

For the process used in this work, the experimental results give Nt = 0.75/decade. Using this Nt
and Log-uniform CDF for CETs and a Poisson distribution for traps per device, 400 hypothetical
devices were generated for dynamic Monte Carlo simulation. Figure 4.6.1 shows that the simulated

average Env agrees well with the measured one.

In principle, the Log-uniform distribution can be explained by two possible mechanisms: trapping-

detrapping through elastic carrier tunnelling and inelastic multi-phonon trapping-detrapping.

It is well known that the carrier tunnelling probability decreases exponentially with the tunnelling
distance [124], [125], resulting in an exponential increase of capture time with distance when
moving from the dielectric/Si interface into dielectric. An assumption of a spatially uniform
distribution of traps in gate dielectric can explain the Log-uniform CET distribution. Recent work
[88], however, has reported that the CETs are not well correlated with the spatial position of traps.
For the thin dielectric used in modern devices, carriers can readily tunnel through the whole

dielectric in a short time [126], so that the depth into the dielectric typically does not control CETs.

For inelastic multi-phonon trapping-detrapping, carriers from the channel have to overcome an
energy barrier, AE, to charge a trap. The capture time, tc, increases exponentially with AE [4],
[88],

AE
Tc = Toexp (ﬁ (20)

where 10 Is a constant, k the Boltzmann constant, and T the temperature. A statistical uniform

distribution of traps in AE will result in a Log-uniform distribution of CETSs.
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Furthermore, the advantages and disadvantages of the approach used in this work’s, “envelope
approach’, are compared with the conventional method, for extracting the statistical distribution of
CETs. Conventionally, a bottom-up method was used: the time constant of each trap is measured
first and then used to establish statistical distributions [106], [107]. The advantage of this approach
is that one knows the time constant of each trap and a lot can be learned about the property of
individual traps from these earlier works [20], [88], [106], [107]. The disadvantage of this
approach is that the number of traps and their time constants obtained through experiments is too
limited to establish the statistical distribution convincingly, especially for slow traps. This research

work could not do better than these earlier works if it followed the same bottom-up approach.

The envelope approach developed in this work can be considered as a top-down or integrated
method: the results of multiple traps from multiple devices were combined and analysed together
to extract the statistical distribution without knowing the precise time constant of each trap first.
The advantage of this approach is that it allows for extraction of the statistical distribution of time
constants, efficiently based on the long term RTN data, as shown in Figure 4.3.1 and Figure 4.4.1.
The disadvantage of this method is that the precise time constant of each trap is not known and
this precludes any quantitative comparison of simulation with test data for individual devices. As
the precise time constant of each trap is not known, the time constant of each trap has to be
statistically assigned according to the distribution for the simulation. Figure 4.6.1, however, shows

that the simulation agrees well statistically with the test data.
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Figure 4.6.1 (a) Simulation results of 400 devices generated by the Log-uniform CDF extracted by the procedure given in section
IlI.C. Each gray line represents one device and the red line is the average Env. (b) A comparison of the average envelope by
simulation (red line) with the experimental average envelope (black symbols).

Finally, it is investigated if the Log-uniform CDF is applicable to RTN under different test
conditions. As RTN is sensitive to temperature, overnight RTN was measured at 28°C in Figure
4.6.2 (a), while the results in Figure 4.3.5 were measured at 125°C. Figure 4.6.2 (b) shows that the
Log-uniform CDF again fits the experimental data at 28°C well.
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Figure 4.6.2 (a) The overnight RTN envelopes measured at 28°C. Each grey line represents one device. The red line represents the
average. (b) The symbols are the average experimental Env. The dashed line is fitted with the Log-uniform.
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4.7 Discussion and Summary

In this chapter, the statistical distribution of the capture and emission times of traps responsible for
RTN is investigated by developing a top-down methodology. The work started by using the
dynamic Monte Carlo simulation to confirm that the average envelope of RTN, resultant from
multiple devices and many traps, can uncover the underlying cumulative distribution of CETSs.
Overnight RTN tests were then carried out to extract the experimental envelopes for RTN. Based
on this long-term RTN data, the CDFs proposed by earlier works for CETs were assessed. It is
found that the power law, widely used for ageing, does not agree well with the test data and
overestimates long term RTN. On the other hand, the Log-normal CDF underestimates long-term
RTN. The overnight experimental data endorses the Log-uniform CDF for CETs. A methodology
is proposed to extract the CDF of CETs efficiently. For the first time, the long-term prediction
capability of the extracted Log-uniform CDF is verified, allowing assessing the RTN in years,

based on the experimental data in days.
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Chapter 5 Statistical distributions of RTN amplitude

5.1 Introduction

It is well known from the discussion so far that random telegraph noise (RTN) is a step-like
fluctuation of drain current under constant gate and drain voltages. It has received much attention,
as it adversely affects the operation of electronic circuits [4], [67], [70], [77], [96], [97], [106],
[108]-[111], [127]-[130]. As MOSFETs become smaller, RTN becomes increasingly important,
driven by an increased impact of a single charge on smaller devices and an increase in the number
of devices in a system [4], [67], [70], [96], [97], [110], [127], [128]. A large number of devices in
a system will contain more devices in the tail of statistical distributions as mentioned in section
4.1, which can cause errors. Moreover, low power is a key requirement for many Internet-of-
Things edge units and this drives the operation voltage towards threshold voltage, Vth [95], [131],
[132]. The minimisation of overdrive voltage, (Vg-Vth), in the future leaves little room to tolerate
RTN induced jitter [67], [131], [132].

There have been many efforts to model RTN, both in the frequency domain [4], [65], [99], [133],
and in the time domain [4], [67], [70], [96], [97], [110]. It is widely accepted that RTN originates
from the trapping/detrapping of charge carriers from/to the conduction channel [4], [65], [67], [70],
[77], [95]-[97], [99], [106], [108]-[111], [127]-[133]. The number of traps per device follows a
Poisson distribution [67], [70], [97], [110]. To perform Monte Carlo simulation in the time domain,
one needs the capture-emission times and RTN amplitude of traps [67], [104], [120], [132]. In this
chapter, the statistical distribution of capture/emission time constants was studied in Chapter 4

[132] and this chapter will focus on RTN amplitude distribution.

RTN amplitude can be measured as a Vth shift, AVth, or a normalised drain current fluctuation,
Ald/Id. AVth is the accumulative effect of multiple traps on a device and here 6Vth is used to
represent the RTN amplitude of one trap. 6Vth is stochastic and one feature of its cumulative
distribution function (CDF) is a long tail, when compared with the Gaussian/Normal distribution,
as shown in Figure 5.1.1 (a) [70], [96]. It has been proposed that this long tail originates from the
uneven distribution of current [70], [96], [127] since the impact of a trapped charge in the oxide
on the device depends on the local current density beneath it [98], [127]. As schematically

illustrated in Figure 5.1.1 (b), the current near threshold voltage flows through a narrow percolation
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path. It is rare to have a trap located just above this percolation path and such a trap will cause a
large 6Vth and result in the long distribution tail [70], [96], [98], [127].

O Testdata
Normal
Gumbel
Exponential
Lognormal
_4 L - L L L
0 10 20 30 40 50

sVth (mV)

barrier

Figure 5.1.1 (a) A comparison of different cumulative distribution functions (CDF) of threshold voltage shift, §Vth. Each ‘o’
represents SVth induced by one trap and there are 100 traps here. Although both the Exponential and Lognormal CDFs describe
the test data well, they give very different results when their tails were used to make predictions, for example at 50, as shown by
the dashed lines. (b) A schematic illustration of the impact of traps (circles) on current path near threshold condition. The red
circle represents a trap just above the percolation path of current, which has a large 5Vth and is in the distribution tail.
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Modelling the long tail in the CDF is a tall order and three statistical distributions have been
proposed in the literature: Exponential [13], [21], [67], [68], [70], [97], [104], [134], [135],
Lognormal [4], [6], [64], [67], [70], [127], [128], [136] and Gumbel [106], [129], [130]. The
success of RTN modelling in terms of yield prediction for a system, such as SRAM, requires an
accurate statistical distribution tail [6], [64], [67], [96], [127]. For a data set of 100 traps, Figure
5.1.1 (a) shows that both Exponential and Lognormal CDFs agree well with the test data, but they
have substantially different tails. For example, at 56 where o is the standard deviation, the 6Vth
predicted by Exponential and Lognormal CDFs is 23 mV and 44 mV respectively. This uncertainty

calls the accuracy of RTN modelling into question.

Agreement has not been reached on which distribution should be used. Many earlier works [4],
[13], [21], [68], [106], [110], [129], [134] only fitted their data with one statistical distribution.
Different distributions were not compared and the reason for selecting a specific model is not
given. For the works that compared the Exponential and Lognormal distributions [6], [64] it was
reported that the Lognormal fitted the data better. There are, however, more fitting parameters in
the Lognormal distribution than the Exponential distribution, so that it is not clear whether the
improved fitting with the Lognormal originates from using extra fitting parameters.

5.2 Novelty and Motivation

The motivation of this work is to address the uncertainty in model selection for RTN amplitude in
two ways. Firstly, this work attempts to find a statistical distribution that has lower error without
using a higher number of fitting parameters. In addition to the three distributions mentioned above,
thirteen other distributions are evaluated. Second, to propose a new criterion for selecting statistical
models. It will be shown that if the data truly follows a specific CDF, the error per trap should

decrease when increasing the trap number.

This work starts by examining the three distributions mentioned above in terms of their errors both
over the whole distribution and in the distribution tail. The number of traps used in some early
works [68], [106], [127] is ~100, leaving too few traps in the tail (e.g. >95%) to evaluate the error

reliably. To enable the tail evaluation, 1,178 traps were used here.

The CDF parameters are extracted by the Maximum likelihood estimation (MLE). Earlier works

suggest that the accuracy can be improved by using either bimodal Exponential [135] or bimodal
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Lognormal distributions [70]. In this work, the impact of using bimodal distributions on the

accuracy will also be examined.

An analysis of the distributions proposed by earlier works [4], [67], [70], [96], [97], [106], [110],
[127]-[130] have not identified a clear winner. This leads to searching for new statistical
distributions. Since there is little research on whether the RTN amplitude can be modelled better
by other statistical distributions, apart from the three distributions mentioned above, a scoping
study of different distributions was carried out. To emphasise the importance of the accuracy in
the distribution tail for RTN modelling, the Z-score of corresponding CDF will be used to calculate
errors, where Z=(dVth-p)/c and p is the average and ¢ the standard deviation. After comparing 16
distributions, it is found that Generalized Extreme Value (GEV) distribution [136] gives the lowest
errors. GEV also meets the new criterion.

The last issue addressed in this work is the impact of trap number on the CDF accuracy in the
distribution tail. The more traps used for extracting the distribution, the better the accuracy should
be. In practice, however, the number of traps available is always limited. It is of importance to
assess how reliably a CDF, extracted from a limited number of traps, can be used to predict the

distribution tail at high sigma.

5.3 Methodology and Measurement

5.3.1 Devices and measurement

This work uses nMOSFETSs fabricated by an industrial CMOS process, which have a metal gate
and a high-k/SiON stack. The channel length and width are 27x90 nm, respectively. The equivalent

oxide thickness is 1.2 nm.

The test conditions remain same as section 4.3.2 i.e. the test starts by applying a step voltage to
the gate and drain. The Id is then monitored under a fixed Vg and Vd by an oscilloscope at a
sampling rate of 1 Mpoint/sec [90], [132]. The gate and drain biases used are Vg = 0.5V and Vd
= 0.1V for monitoring RTN as described in detail in Chapter 3 . Unless otherwise specified, tests
were carried out under 125°C.

Some typical results are represented in the next section in Figure 5.3.1 and Figure 5.3.2, where the

current fluctuation is plotted as 8Id/Id=(Id-Iref)/Id. The reference Id, Iref, was taken from the
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average of the first ten points of the measurement [132]. As Vg is close to Vth, §Vth can be
evaluated from -61d/gm, where gm is transconductance [98]. The gm is evaluated from a pulse (3
us) Id-Vg, taken before the RTN test for each device [98]. There are more or less 2 to 3 traps per
devices and in total the number of devices used in this work was more than 400 devices. An

example of 1 and 2 traps distributions are showing in the following Figure 5.3.1 and Figure 5.3.2.

5.3.2 Method for extracting RTN amplitude

In the test of negative bias temperature instability (NBTI), the impact of one trap on Id is typically
measured directly from its discharge induced step-change of Id [13], [137]. For RTN tests Hidden
Markov Method [108] and Factorial HMM [77], [109] have been used, when both the RTN
amplitude and time constants are needed. The time-lag plot has been often used to measure the
RTN amplitude [138].
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Figure 5.3.1 (a) Extraction of RTN amplitude directly from the two discrete levels of Id used in this work. (b) The same data in (a)
was used to extract the RTN amplitude by the conventional time-lag method. The RTN amplitudes extracted by these two
methods agree well when there is only one trap in a device.
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Similar to the NBTI measurement [13], [137] the RTN amplitude directly from the step-changes
in Id is measured in this work. As shown in Figure 5.3.1 (a), once a step-like change is observed,
the Id for each discrete level is taken from the average of that level to minimize the effect of
thermal noise. Moreover, unlike NBTI tests, where discharging one trap is often a one-off event
[13], [137], here the advantage of the multiple charge-discharge events in RTN has been taken into
account and the average of step-heights has been used to further improve measurement accuracy.

The minimum detectable 51d/Id is ~0.2%, corresponding to a 3Vth of ~0.2 mV.
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Figure 5.3.2 (a) An example of two active RTN traps in a device. (b) It is difficult to use the time-lag method to extract the RTN
amplitudes for the data set in (a). (c) Extraction of the RTN amplitude of fast trap 1 by applying our method in the short time
range. (d) Extraction of the RTN amplitude of slow trap 2 by applying our method in the long-time range.

Figure 5.3.1 (b) shows that the amplitude extracted by the new method agrees well with that of the
time-lag method, when there is only one trap in a device. The time-lag method, however, uses data
in the whole time window and is difficult to use when there are multiple traps, one example is
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given in Figure 5.3.2 (a) and Figure 5.3.2 (b). The advantage of the amplitude extraction method
introduced in this work is that it can be applied to a selected time range where two-level RTN
events are identified. For the same data set in Figure 5.3.2 (), Figure 5.3.2 (c) shows that the
amplitude of fast trap 1 can be measured in a short time window. For a longer time window in
Figure 5.3.2 (d), the slow trap 2 becomes active and its amplitude can be extracted from the

difference in the two discrete levels after averaging out the impact of the fast trap.

5.4 Problems with the proposed statistical distribution

For the RTN amplitude per trap, two popular statistical distributions used in earlier works are
Lognormal [4], [67], [70], [127], [128], and Exponential [13], [67], [70], [97], [110], [135]. In
addition, Gumbel distribution has been used to capture the long tail of RTN [106], [129], [130].
Their cumulative distribution functions (CDF) are summarised in Table 3. Table 3 also gives the
formula for the Generalized Extreme Value (GEV) distribution, which will be investigated in
Section 5.6. This section will focus on the three distributions used in earlier works: Lognormal,
Exponential, and Gumbel.

Table 3 The cumulative distribution functions (CDFs).

CDF (Exponential) CDF (Lognormal)
(_5"’”‘) 1 [ In(6Vth) -«
l1—el —erfc| —
2 02
CDF (GEV) CDF (Gumbel)
1 —(6Vth-a)
| e
e

Using the equation in Table 3, the parameters of different statistical distributions are extracted by
the Maximum Likelihood Estimation (MLE) [135], [139]. MLE uses different weightings for
different data to maximize the probability of test data set occurrence [139]. Based on the 1,178
measured traps, the estimated parameters are given in Table 4. The extracted CDFs are plotted

together with test data in Figure 5.4.1.
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Table 4 The estimated CDF parameters.

CDF CDF CDF CDF
(Lognormal) | (Exponential) | (Gumbel) | (GEV)
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Figure 5.4.1 The CDFs (lines) extracted from 1,178 traps by the MLE method are compared with the test data (symbols) for: (a)
Gumbel, (b) Exponential, (c) Lognormal, and (d) GEV, respectively.
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Following the methods used in earlier works [6], [64], [67], [70], [140] the error between the
extracted CDFs and the test data are used to compare different statistical distributions. Figure 5.4.2
(a) shows the sum-square-error (SSE) per trap. Gumbel and Exponential CDFs have similar errors,
while Lognormal CDF has a lower error. For convenience, the result of GEV distribution is also
given in Figure 5.4.2, which will be discussed in Section 5.6. If one uses the minimum error of the
whole dataset as a criterion, the Lognormal distribution should be better than the Exponential and

Gumbel distributions.
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Figure 5.4.2 A comparison of the sum of square errors (SSE) per trap for CDFs extracted by Maximum likelihood estimation (MLE)

at 125 °C (a) and 28 °C (b). The whole data set was used in the error evaluation. Lognormal has smaller error than Exponential
for the whole data set.
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The results in Figure 5.4.2 (a) were obtained at 125 °C. To show that the observation is independent
of test conditions, Figure 5.4.2 (b) gives the results at 28 °C. RTN is generally sensitive to
temperature and 814 traps were measured under 28 °C. The error of Lognormal distribution again

is lower than that of Exponential and Gumbel distributions.
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Figure 5.4.3 A comparison of the tail region between the test data (symbols) and the CDFs (lines) extracted by Maximum
likelihood estimation (MLE) for (a) Gumbel, (b) Exponential, (c) Lognormal, and (d) GEV. The vertical axis is plotted linearly for
the Z-score corresponding to the cumulative probability.
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The minimum SSE per trap for the whole data set should not be the only criterion for selecting
statistical distribution functions. As the loss of yield is mainly caused by traps in the distribution
tail, the SSE in the tail region should also be examined. To see the tail clearly, the corresponding
Z-score of CDF is plotted linearly in Figure 5.4.3. Some earlier works used ~100 traps [68], [106],
[127] so that there are too few traps to evaluate the SSE reliably in the >95% tail. With 1,178 traps
here, their SSE in the >95% tail is compared in Figure 5.4.4. Although the Lognormal CDF has
lower SSE for the whole data set in Figure 5.4.2 (a&b), Figure 5.4.4 (a&b) shows that the Exponential
CDF actually matches the test data better in this tail region. The choice between Lognormal and

Exponential is not straightforward, therefore.
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Figure 5.4.4 The error per trap of CDFs in the >95% tail extracted by MLE at 125 °C (a) and 28 °C (b). Exponential has smaller
error than Lognormal in the tail.
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5.5 Bimodal Statistical Distributions

To improve the accuracy of CDFs, bimodal CDF, BCDF, has been proposed:
BCDF = p = CDF1 + (1 — p) * CDF2 (21)

where 0 < p <1 is an adjustable parameter that can be fitted by using the MLE method [139].
CDF1 and CDF2 are two monomodal distributions. Both bimodal Exponential [135] and
Lognormal [70] CDFs have been used. It has been suggested that CDF1 and CDF2 originate from

traps in different layers of gate dielectric that have different statistical properties [135].

Figure 5.5.1 (a-f) shows the bimodal CDFs extracted by the MLE method for Lognormal,
Exponential, and Gumbel, respectively. The bimodal Lognormal in Figure 5.5.1 (a&b) is dominated
by the first Lognormal CDF and the contribution of the second Lognormal CDF is weak with a p
value of only 0.033. For bimodal Exponential CDFs, the second CDF only counts for 9% in Figure

5.5.1 (c&d). This increases to 25% for the bimodal Gumbel in Figure 5.5.1 (e&f).

To compare the bimodal CDFs with their monomodal counterparts, the errors from their Z-score
plot were calculated as shown in Figure 5.5.1 (b, d, and f). This places more weightings on the
distribution tails where accuracy is important for RTN modelling. It is more appropriate than the

error calculation directly from CDF values in Figure 5.4.2, therefore.
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Figure 5.5.1 Bimodal CDFs for Lognormal (a) and (b), Exponential (c) and (d), and Gumbel (e) and (f). (b), (d) and (f) are the Z-
score to enlarge the tail region. The symbols are test data. The black lines are the sum of two CDFs. The blue and red lines are
the monomodal CDF1 and CDF2, respectively.
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Figure 5.5.2 shows that, although bimodal Gumbel has a smaller error than monomodal Gumbel, it
is still well above the error of monomodal Lognormal. The impact of using bimodal CDFs on the
error is modest for both Lognormal and Exponential. When compared with monomodal CDFs,
bimodal CDFs more than double the number of fitting parameters. According to the Bayesian
Information Criterion [141], a penalty should be applied to models with more fitting parameters,
so using bimodal CDFs is not strongly supported by the data in this work. The question is whether
there is a monomodal CDF that can give a similar or even smaller error rate than the lowest error
achieved by the bimodal Lognormal CDF in Figure 5.5.2. This will be investigated in the next

section.
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Figure 5.5.2 A comparison of errors in bimodal CDFs with their monomodal CDFs for Exponential, Lognormal, and Gumbel: The
SSE per trap is calculated from the Z-score for the whole data set. The use of bimodal CDFs has not reduced errors below the
level achieved with a monomodal GEV.
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5.6 Generalized Extreme Value (GEV) distribution

Driven by the desire to find a statistical distribution that has the lowest SSE per trap without using
its bimodal CDF, 13 other distributions [142] have been evaluated and their SSE per trap is
compared in Figure 5.6.1, together with the three distributions used in earlier works. Among the 16,
the Generalized Extreme Value (GEV) distribution has the lowest error. It is worth exploring this

distribution further, therefore.
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Figure 5.6.1 A comparison of the SSE per trap for 16 CDFs [39]. The error is calculated from the Z-score for the whole data set.
The Generalized extreme value (GEV) distribution has the lowest error.

The equation for GEV is included in Table 3 and the extracted parameter values are given in Table
4. Figure 5.4.1 (d) shows that the CDF of GEV agrees well with the test data overall. Although
Figure 5.4.3 (d) shows that the difference between GEV and the highest few data points appears
to be increasing, this is an artefact, as the last few points of any test data are always lifted upwardly

by the limitation in the size of the data set. The Z-score approaches infinity when CDF approaches
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1. As the last data point has CDF=1, its Z-score would be infinity. To avoid this, it is a common
practice to calculate the CDF of test data by equation (22) [143],

i—0.5
CDF(8Vth, i) = —— (22)

where i=1 has the lowest 6Vth and i=N=1,178 has the highest 6 Vth in our test data set. This brings
the last CDF point from 1 to 0.999576 and their corresponding Z-score from infinity to 3.34. It,

however, cannot completely eliminate the artificial up-swing of the last few data points.

Figure 5.4.2 and Figure 5.4.4 show that the GEV has the lowest error for both the whole data set and
the tail region when compared with other CDFs. Figure 5.5.2 shows that the error of monomodal
GEV CDF is also lower than that of the bimodal Lognormal, Exponential, and Gumbel CDFs. The
number of fitting parameters is 5, 3, and 5 for the bimodal Lognormal, Exponential, and Gumbel
CDFs, respectively. It is 3 for the GEV in Figure 5.5.2, so the better accuracy of GEV was not

gained from using larger number of fitting parameters.
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Figure 5.6.2 A comparison of different CDFs extracted from the same data set (symbols). The solid lines are the monomodal CDFs
and the dashed lines are their bimodal counterparts for the same color.
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Figure 5.6.2 compares the CDFs of different distributions extracted from the same data set. The
predicted distribution tail is sensitive to model selection. The 6Vth at high ¢ increases in the order
of Gumbel, Exponential, Lognormal, and GEV. In other words, Gumbel has the shortest tail and
gives an optimistic prediction, while the GEV has the longest tail and gives a pessimistic
prediction. Figure 5.6.3 compares the probability for 6Vth > 25 mV predicted by different CDFs.
Quantitatively, it is 4.5x107, 0.24, 52, and 2553 parts-per-million (ppm) for Gumbel, Exponential,
Lognormal, and GEV, respectively. This highlights the uncertainty of RTN prediction when using
different CDFs.

On the applicability of the conclusions drawn here to other fabrication processes, ideally this work
should compare the results of samples fabricated by different processes. However, only one wafer
from one company was available. The test samples used here were fabricated by the 28 nm CMOS
process, which has been widely used commercially. The results reported here should be a typical

representation of industrial processes, but further work will be needed to confirm this.
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Figure 5.6.3 A comparison of the probability of occurrence for §Vth>25 mV predicted by different CDFs. The CDF values at
6Vth=25 mV were taken from Fig. 11, as marked out by the vertical dashed line.
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5.7 New Model Selection Criterion

Given the large uncertainties in RTN predicted by different CDF models, further work is needed
to justify their selection, in addition to their errors. Ideally, the selected model should be justified
by device physics. Unfortunately, this work was unable to link the Exponential, Gumbel, and GEV
with a physical process, as these models are empirical [4]. GEV is developed from the extreme
value theory to capture the long distribution tails, with Gumbel, Fréchet, and Weibull distributions
as its special cases [136]. The number of traps in a device is minimised in a modern commercial
CMOS process through quality control and one may consider that having a trap right above the

narrow percolation current path in Figure 5.1.1 (b) is extremely rare.

The Lognormal CDF has been interpreted physically [70], [127]. As the number of charge carriers
in the channel depends on (Vg-Vth) exponentially in the subthreshold region, a local Vth
fluctuation spatially leads to an exponential fluctuation of local density of charge carrier, n. If Vth
varies spatially by following a Normal distribution, Log(n) will vary by following a Normal
distribution. The impact of a trapped charge on the channel is proportional to n, so that Log(dVth)

will also follow a normal distribution, i.e. §Vth follows Lognormal distribution [127].

There are, however, two difficulties with this interpretation. One is that Id was monitored above
threshold in typical RTN tests, where n no longer depends on (Vg-Vth) exponentially. The other
is that the impact of trapping on carrier mobility is neglected here [127]. It has been reported that
the contribution of charge-induced mobility degradation is similar to that of carrier number
reduction [5].

In searching for further criteria for model selection, the dependence of error per trap on the number
of traps was examined. If the test data truly follows a specific CDF, then it is expected that the
error per trap decreases with an increasing number of traps, because an infinite number of data
points should produce this specific CDF perfectly. To support this statement, a theoretical
Lognormal CDF is used to randomly generate a number of data points and then treated as ‘test
data’. This ‘test data’ was used to extract the Lognormal CDF and the errors were evaluated in the
same way as for the real test data. Figure 5.7.1 (a) shows that the SSE per trap indeed reduces for a

higher number of traps, despite the statistical scattering. The same also applies to the GEV CDF.
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Figure 5.7.1 Dependence of SSE per trap on the number of traps used to extract the CDFs. (a) The data are generated randomly
from the theoretical Lognormal (m) and GEV (e). They were treated as the ‘test data’ and used to extract Lognormal and GEV
CDFs, respectively. Their SSE per trap decreases with increasing trap number, as shown by the fitted dashed lines. (b) The real

test data were used to extract CDFs and calculate SSE per trap. The solid lines are fitted. For comparison, the two dashed lines in
(a) were replotted in (b). Only GEV clearly shows the expected decrease of errors with increasing trap number.

Figure 5.7.1 (b) shows the dependence of SSE per trap on the trap number for the real test data.

Only the error of GEV exhibits a clear decrease for a higher number of traps. To quantitatively
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compare the error of theoretical and real test data, the two fitted lines in Figure 5.7.1 (a) were
reproduced as the two dashed lines in Figure 5.7.1 (b). The difference in the error between the
theoretical and real test data is substantially larger for Lognormal, when compared with a GEV
distribution. This supports the use of the GEV model.

5.8 Impact of trap numbers on Prediction accuracy

Figure 5.7.1 (a) shows that the error per trap reduces for a higher number of traps. In practice, the
number of available traps is always limited. When the CDFs extracted from a limited number of

traps are used to predict the RTN in the long tail, an important question is how accurate it is.

To assess the impact of trap number on this accuracy, one needs a reference distribution as the
benchmark. Here, the GEV distribution extracted in Figure 5.6.2 is used as the reference and its
parameters are given in Table 4. One set of ‘N’ data is randomly generated according to this
distribution, as shown in Figure 5.8.1. This ‘N’ data set is then used to extract the statistical
distribution, which gives the orange curve in Figure 5.8.1. The difference between the fitted and
the reference distributions (the blue curve in Figure 5.8.1) at a given ¢ can then be determined, as
illustrated by the dashed lines in Figure 5.8.1. By repeating this process 1,000 times and each time
with a different and randomly generated set of ‘N’ data, the confidence for the accuracy of

statistical distributions extracted from a set of ‘N’ data can be obtained [122].
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Figure 5.8.1 A comparison between theoretical GEV by using parameters in Table Il and the GEV fitted by using 100 hypothetical
traps, which were randomly generated by the theoretical GEV. The difference between theoretical and fitted GEV at 50 is shown
by the dashed lines.

Figure 5.8.2 (a) shows the error at 3o for different N. For N=100, the error at 90% confidence is -

58.35% and 57.42%, respectively. For N=1,000, these two errors are reduced to -13.68% and
13.18%. If one targets an accuracy of 15% at 3¢ with 90% confidence, 1,000 traps can be used.

Figure 5.8.2 (b) shows the errors for N=1000 at different sigma. The error increases from -13.68%
and 13.18% at 36 to - 37.15% and 26.5% at 5¢ (a probability of 0.57 parts per million) for 90%
confidence. To be conservative, the guide-band for RTN induced dVth at 5o should be increased
by 26.5% from the value predicted by the statistical distribution extracted from 1,000 traps,

therefore.

With 1.000 traps, the probability of occurrence for §Vth > 25 mV is between 1584.2 and 3537.6
with 90% confidence. This uncertainty is substantially smaller than that from using different CDF
models shown in Figure 5.6.3. Here, it is concluded that the uncertainty in RTN amplitude

prediction is dominated by model selection.
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Figure 5.8.2 (a) shows the errors of prediction at 30 by the CDFs extracted from different number of traps with 80%, 90%, 95%
and 99% confidence. (b) shows the errors at different o for 1,000 traps.
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5.9 Summary

This work assesses the accuracy of the statistical distributions for the RTN amplitude per trap. Its
novelty includes proposing a new model selection criterion based on the relation between error
and trap number, exploring the applicability of a wide range of statistical distributions to RTN
amplitudes, and finding that the Generalized Extreme Value (GEV) distribution has the least Z-
score based error. The new model selection criterion requires a monotonic error decrease for a
higher number of traps. The GEV meets this criterion, while the Exponential, Lognormal, and
Gumbel distributions do not. Based on the data used in this work, using bimodal Exponential and

Lognormal CDFs only has a modest impact on the error, despite the increased fitting parameters.

The accuracy of CDF extracted from a limited number of traps is also assessed. For 90%
confidence, the guide-band for RTN induced 6Vth at 5o should be increased by 26.5% from the
value predicted by the statistical distribution extracted from 1,000 traps. The uncertainty caused
by using a limited number of traps is relatively small and the selection of the CDF model dominates

the uncertainty in RTN amplitude prediction and modelling.
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Chapter 6 Impact of Gate voltage

6.1 Introduction

Decreasing the size of MOSFETs down to nanometre scales induces an increased defect influence
on carrier mobility, subthreshold swing, and threshold voltage. Smaller devices have a larger
statistical spread, due to there being fewer traps per device and the larger impact of a single trapped
charge on them as mentioned in Chapter 5 [13], [144]. If the number of devices per chip increases,
this will lead to a larger statistical spread [13], [144]. This, combined with a high data transmission
rate, will require tight control of fluctuation [145]. Hence, fluctuation has become a major concern
for circuit design and has attracted much attention [20], [85], [88], [112], [146]-[149][148].
Fluctuation is commonly monitored as random telegraph noise in the drain current under constant
gate bias [20], [85], [88], [112], [147]-[149]. It is known that RTN fluctuation defined in terms of
Ald/Id or as a corresponding AVth does not follow a normal distribution but shows a long
distribution tail. Most transistors typically have low AVth fluctuation while there are a few devices
that have extremely large AVth, which affects circuit and SRAM stability. Thus, the analysis of

the statistical distribution of RTN is important.

Chapters 4 and 5 cover an assessment of the accuracy of the statistical distribution of
capture/emission time constant and amplitude distribution of RTN, respectively. In both cases a
low bias condition close to threshold voltage was selected for low power applications and also to
minimise trap generation. However, it is known that RTN is Vg dependent [67], so that this
Chapter is conducted to assess the impact of gate voltage on RTN amplitude and time constant
distribution. The objective is to study the impact of gate voltage (Vg) on RTN distribution and

discuss the unique features of different statistics that make them suitable for different gate biases.

6.2 Device and Measurement condition

As in section 4.3.2 and 5.3.1, the same 27x90 nm nMOSFETs were used with all the test conditions
kept the same but a varied gate voltage. This time the gate voltage applied is Vg = 0.9V and the

test was carried out under 28°C.

In previous chapters, the RTN amplitude analysis was expressed in terms of AVth, evaluated from

-Ald/gm because the gate voltage used was Vg = 0.5 V, which is close to the threshold voltage
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(\Vth). However, as demonstrated in Figure 6.2.1, RTN is dominated by a different group of traps
when gate bias is increased [150]. RTN is dominated by traps near Fermi-level at
dielectric/substrate interface, Ef, as shown in Figure 6.2.1 (a). As Vg increases, the traps near to Ef
change. There are more traps at higher |Vg| and the RTN is dominated by a different group of traps
under different VVg. The charging and discharging of traps responsible for RTN is highly dynamic
in nature so at any specific time, the traps can be neutral and could be missed if the conventional
measure-stress-measure (MSM) technique is used. Due to these difficulties, early work [20], [149],
focuses on measuring the fluctuation in drain current Ald under fixed Vg and then converting to
AVth by dividing gm. The accuracy of this AVth conversion was not clear as it was not compared

with the real AVth measured at Vg = Vth.
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Figure 6.2.1 (a) RTN is dominated by traps near to Ef at the interface. Vg-acceleration changes the traps near Ef probed by RTN.
(b) More traps under higher [Vg| results in higher AVth [150].
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In the recent work of A. Manut et al, the Trigger-When-Charged (TWC) method [98] assesses the
inaccuracy of measuring AVth from Ald/gm (Vdd). The TWC technique exploits the oscilloscope-
based fast measurement system in which the edge of RTN is used to trigger the entire Id-Vg
measurement. Understanding the entire 1d-Vg (the transfer characteristic curve) and its shift
induced by the RTN is important as it can provide valuable information in understanding its
underlying physical mechanism [151]-[153]. A. Manut et al. [98] measured AVth under VVdd and
compared it with the real AVth (Vg=Vth) and reported that the former is twice the latter on average.
One reason given is the mobility degradation at higher Vg and the current distribution also
contributes to this discrepancy. Therefore, the AVth from Ald/gm method is not used in this work.

The magnitude of RTN is measured in terms of Ald/Id instead.

6.3 Gate Voltage impact on RTN amplitude distribution

In this research, the measurements have been done under two different gate biases. Firstly, Vg
close to threshold voltage and then Vg at operating condition, that is Vg = 0.5V and Vg = 0.9V
respectively. In Chapter 5, the accuracy of the RTN amplitude distribution fitting has been studied
and it has been concluded that the Generalized Extreme Value distribution (GEV) fits the data best
giving the lowest error when applied gate voltage is 0.5V. A new model selection criterion has
been introduced and GEV distribution also met the criterion [154]. From the early works [154] it
is known that the amplitude of different RTN varies with gate bias and on average the distribution
of RTN induced AVth significantly increases with gate bias. In contrast Ald/Id decreases under
higher bias [63]. To find the impact on the statistical distribution of RTN amplitude with different
biases, Vg = 0.9V is applied at the gate in this Chapter. The method introduced in Chapter 5 is
repeated under the new Vg condition to extract the RTN amplitudes. The same distribution fitting
criterion as Chapter 5 is then applied to find out whether the RTN distribution model fits with
GEV distribution or changes when different gate bias is applied. Further investigation and

discussion are in the following sections.

6.3.1 Effect of Sensing Vg on AVth

Power consumption is a key issue, especially for the edge devices or units in an loT system. One
of the effective ways to reduce power is by lowering the operating voltage. As the overdrive
voltage, (Vg-Vth), becomes smaller, the device gets more vulnerable to threshold voltage jitters.
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RTN is considered one of the sources for the jitter that causes fluctuation in both drain current,
Ald, and threshold voltage, AVth. Early works on RTN were focused on measuring Ald and then
evaluating AVth from Ald/gm as mentioned above. However, the accuracy of AVth obtained in
this way was not known and the work in [98] assessed its accuracy and reported that AVth must
not be evaluated from Ald/gm. One of the reasons reported about this discrepancy is the device-
specific localized current distribution near the threshold [98]. Figure 6.3.1 (a-c) are three different
devices’ results taken from [150], showing device-to-device variation is substantial and the

dependency of AVth on the sensing Vg.
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Figure 6.3.1 The dependence of AVth on sensing Vg for three nano-scale devices. (a) AVth increases with [Vg|[ (b) AVth saturates
(c) AVth turns around [150].

In Figure 6.3.1 (a) the AVth increases with |Vg| and in (b) the AVth saturates as [Vg| increases and
in (c) AVth turns around i.e. it increases initially and then decreases for higher |Vg|. It has been
reported that the current can have a narrow percolation path near Vth but becomes more evenly
distributed as [Vg| increases. The impact of a charged trap on Vth depends on the current density
beneath it. That is, the higher the current density, the larger the impact [98],[155]. As illustrated in
Figure 6.3.2, the trap for Figure 6.3.1 (a) is away from the localized current path at Vth so there is
small impact and AVth is low. As |[Vg| increases, a more evenly distributed current increases the
relative local current density, so that the AVth increases in Figure 6.3.1 (a). For Figure 6.3.1 (C), the

trap can be above the localized current path at Vth. As |\Vg| increases, the initial rise is caused by
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increased mobility degradation and the subsequent decrease is caused by the relative reduction of
current density under this trap, as the distribution spreads. Under Vth, localisation of current path
leads to many traps being away from it, so that their impact on AVth is low. As [Vg| increases, the
effect of these traps increases, contributing to the higher AVth for higher Vg [156]. Nevertheless,
to avoid such discrepancy in this work, the RTN amplitude is expressed in terms of Ald/Id. Two
different voltage conditions: Vg near Vth and Vg at operating condition are used for comparison

to observe the dependency of RTN amplitude distribution on Vg.

Fig6.3.1 (a)trap Fig6.3.1 (c) trap

‘Source N == Drain
|

Figure 6.3.2 The localised current path at Vg=Vth. The trap in Fig 6.3.1(a) is away from the path, while the trap in Fig 6.3.1(b) is
above it [150].

6.3.2 Different statistics at different Gate bias

Following the previous work from Chapter 5 [154], 1,020 traps were extracted from more than
400 devices at 28°C and the cumulative distribution function (CDF) of the extracted traps is plotted
together with the test data. In this work, further analysis of RTN amplitude distribution measured
at Vg = 0.9V is carried out. The RTN is measured in terms of 5Id/Id.

To observe the impact of gate voltage on RTN amplitude distribution, the extracted traps are fitted
using Gumbel, Exponential, Lognormal and GEV distributions to find out which distribution fits
best to the test data. The CDF parameters shown in Table 5 for different statistics are estimated by
using the equations in Table 3 and their corresponding extracted CDFs along with the test data are

plotted in Figure 6.3.3.
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Table 5 The estimated CDF parameters at Vg = 0.9V.

CDF (Lognormal) | CDF (Exponential) CDF (Gumbel) CDF
(GEV)
e = —1.0398 n = 0.468 a=0.3121 & = 0.6056
6 =0.7365 - p =0.2331 a = 0.1604
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Figure 6.3.3 The CDFs (lines) extracted from 1020 traps by the MLE method are compared with the test data (symbols) for: (a)
Gumbel, (b) Exponential, (c) Lognormal, and (d) GEV, respectively.

From Figure 6.3.3, Lognormal seems a better fit to the whole set of the data when biased at operating

voltage. However, by considering only Figure 6.3.3, it is difficult to select which distribution best
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fits the test data. Hence, Figure 6.3.4 is examined to observe the tail by plotting the corresponding

Z-score of CDF linearly.
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Figure 6.3.4 A comparison of the tail region between the test data (symbols) and the CDFs (lines) extracted by MLE for (a)
Gumbel, (b) Exponential, (c) Lognormal and (d) GEV. The vertical axis is plotted linearly for the z-score corresponding to the
cumulative probability.

From Figure 6.3.4 (C), it is observed that Lognormal also fits the tail distribution better than the

other three distributions in (a), (b) and (d). For a quantitative discussion, from Figure 6.3.3 the
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corresponding SSE per trap for the whole data set and the data in the > 95% tail are also estimated

as shown in Figure 6.3.5 (a) and (b), respectively.
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Figure 6.3.5 The error per trap of CDFs extracted by MLE at 28 °C for the (a) whole dataset used in the error evaluation and (b) in
the >95% tail data. In both cases Lognormal has smaller error than other distributions.

The results in Figure 6.3.5 show the error for Exponential, Lognormal, and Gumbel. All three
distributions decrease when considering the data in (b) tail region in comparison with the whole
data set used in (a), except GEV distribution. The Lognormal distribution shows the lowest error
of Exponential, Gumbel and GEV distributions when considering the whole data set for the error
evaluation (a) and also when considering the data in the tail region. The physical interpretation of

Lognormal CDF has already reported in [70], [127].

For further investigation, the newly introduced criterion in [154] is used. That is, the error per trap
will decrease with the number of traps. If this is true, then the SSE per trap in Z-Score for
Lognormal distribution should have decreased with increasing traps. Figure 6.3.6 (b) shows that the
error per trap for all the distributions remains almost unchanged with a higher number of traps.
Theoretically, based on the simulation result presented in Figure 6.3.6 (@), the error for Lognormal

(black dots) in (b) should have decreased.
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Figure 6.3.6 Dependence of SSE per trap on the number of traps used to extract the CDFs. (a) The data are generated randomly
from the theoretical Lognormal (m) and GEV (e). They were treated as the ‘test data’ and used to extract Lognormal and GEV
CDFs, respectively. Their SSE per trap decreases with increasing trap number, as shown by the fitted dashed lines. (b) The real

test data were used to extract CDFs and calculate SSE per trap. The solid lines are fitted. For comparison, the two dashed lines in
(a) were replotted in (b). None of the distributions show the expected decrease of errors with increasing trap number.

Therefore, based on the current data, it can be concluded that Lognormal fits the statistical
distribution of RTN amplitude best when biased at Vg = 0.9V. However, this does not agree with

the conclusion in chapter 5 for Vg=0.5V and needs further investigation.

6.3.3 Comparison between RTN amplitude distribution at different Vg

There can be different statistical distributions at different gate voltages. It is likely that current
distribution is different at different gate bias. At 0.9 Vg there is a more uniform current

distribution, whereas at 0.5 Vg, the conduction channel is weak and highly localized.

The best way to understand RTN distribution, is using the concept of a channel percolation path
(PP) [67], [157]. The current will percolate through ‘valleys’ from source to drain as shown in
Figure 6.3.7. When a trap captures a charge carrier from the conduction channel, it will generate a
local potential barrier to disturb the current percolation path. Hence, the current fluctuation results
from a trapped charge at various positions. If the trapped charge is located on the critical current
path, as shown by red region in Figure 6.3.7, then RTN amplitude fluctuation is relatively large. On
the contrary, if the trapped charge position is away from the percolation path, it will induce small

current fluctuation.
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Figure 6.3.7 lllustration of percolation effect for current conduction width (a) narrower and (b) wider

As shown in Figure 6.3.7, (a) if Vg is close to Vth, the current conduction has a narrow percolation
path (red region). A trapped charge on this narrow path will impact a greater portion of the
percolation path and have a larger RTN amplitude. On the other hand, Vg=0.9V in (b) gives a
more spread current path (red region), making an individual trap’s impact proportionally smaller,
since 0.5 Vg is a highly localised situation which is more likely to have extreme values. Therefore,
amplitude distribution at 0.5Vg should have a longer tail in comparison to RTN distribution at 0.9
Vg. GEV captures the long tail better than the other distributions. This explains why GEV
distribution fits these extreme cases better under Vg=0.5 V [154].
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Figure 6.3.8 Comparison of RTN amplitude distribution at different gate voltage.

The amplitude distributions extracted from two different gate voltages are compared by taking
their normalised values in figure 6.3.8. The amplitudes are normalised against the mean value of
each data series. The result shows that the magnitude of RTN around threshold voltage has a longer
tail than that under Vg=0.9 V. This agrees well with the 3D atomic simulation results reported by
R. Wang [67].

6.4 Gate Voltage impact on RTN time constant distribution

Both amplitude and time constants are important parameters of RTN characterisation. An accurate
evaluation of these parameters is essential for a proper modelling. These RTN parameters have
wide distributions, because of the variation of trap positions. From the previous section, it was
concluded that the statistical distribution of RTN amplitude is Vg dependent. This section will
investigate the impact of Vg on RTN time constant distribution. As discussed in Chapter 4 , the
capture emission time (CET) distribution of RTN is found to be uniformly distributed in Log-scale
at Vg = 0.5V. It is known that the time constants of RTN are bias dependent [4] therefore the Vg
impact on the statistical distribution of CETs of RTN will be studied in this section.
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Following the same methodology used in Chapter 4 [132], the envelope (Env) of the RTN signal
from 405 devices is extracted at Vg = 0.9V and temperature at 28°C. The extracted Env data is
then fitted with Log-uniform distribution to find the VVg impact on Env when 0.9Vg bias is applied.
In Figure 6.4.1, it is depicted that the time constant distribution also follows the Log-uniform
distribution under 0.9 V. Ideally further investigation should be done for different samples
fabricated by different processes. This is out of the scope of this project.

0.5% O Measured dataatVg=0.9YV
== Log-uniform Fit

10% 102 102 107 10 10’
Time (s)

Figure 6.4.1 The evolution of envelopes with time. Symbols are experimental data and dashed lines are fitted with log-uniform
distribution.

99



Chapter 6 Impact of Gate voltage

6.5 Summary

In this work, the impact of gate voltage on RTN amplitude and time constant distributions were
assessed. The extraction of distribution function is important for the accurate prediction of RTN
impact on circuits towards high-o tail. Therefore, an operating voltage of 0.9V was applied at the
gate and the corresponding RTN amplitude and CET distributions were monitored and compared
with the distributions extracted from when a near threshold voltage of 0.5V was applied at the
gate. It is concluded that RTN amplitude distribution is Vg dependent when Vg is increased from
0.5V to 0.9V. Different statistics should be applied under different gate biases, therefore. At 0.5Vg
the RTN amplitude distribution follows GEV distribution, while the Lognormal distribution fits
the data better under 0.9Vg. On the other hand, the time constant follows the Log-uniform
distribution for both series of data extracted at 0.5Vg and 0.9Vg. However, the conclusion is drawn

based on the current data and further investigation is required for its general applicability.

100



Chapter 7 Conclusions and Future perspective

Chapter 7 Conclusions and Future perspective

The project is targeted at characterisation and modelling reliability and variability on modern nano-
scale devices, as currently there is no complete and practically acceptable model or simulation tool
available for nanometre transistors’ RTN prediction. The project focuses on the instability induced
by Random Telegraph Noise (RTN) in nano-scale CMOS devices and assesses its statistical
properties to develop a model that can be used to predict long term RTN impact on real circuit
designs in the future. This chapter will highlight the main objectives that have been delivered in
this project to achieve the targeted aim. The potential work that could be undertaken in the future
will also be discussed.

7.1 Conclusions on new RTN characterisation technique

Commercial devices are expected to perform at the rated operation parameters for at least 10 years,
statistically. Based on the published results [140], [156], the experimental measurement time used
for analysis is far away from 10 years. The results reported are mainly for less than 1 sec time
windows with only a few works reporting between 1 sec and 20 sec. In this situation, the accuracy
of the analysed results or statistical distribution of RTN within the provided time range are
questionable. Due to this restraint, there is a desire for longer measurement beyond 20 sec or more.
The main difficulty is the huge data size that is difficult to handle for the simulator and laboratory
equipment, such as oscilloscopes which have a finite memory depth. For instance, 1us sampling
rate in 1s will generate a data size of ~1M data. Another issue in the case of RTN measurements
is the selection of devices. In previous works, they mainly used devices which have observable
RTN. This does not represent the real devices well, as many devices do not have a clear RTN

signal. Thus, the accuracy of the results again comes into question.

Therefore, the first major issue that has been addressed in this project is measuring long-term RTN
from a large number of devices for statistical analysis. To do so, all devices were used without any
device selection. This allows obtaining the trustworthy true statistical properties of the RTN
instabilities. Secondly, a new technique was developed to record a longer time window by making
the storage rate different from the sampling rate of the measured data. The longer measurement
time used in this project is 10° sec which is nearly one day. With such a long time window and

using 1 MS/sec sampling rate, the data size becomes hundreds of GBs for each device. Such a big
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data size is beyond the memory depth of modern oscilloscopes, so that the new method of

recording data at different storage rates has been introduced in this project.

Two oscilloscopes were used to establish this technique: one records raw data of time window of
10 sec at every 0.1 sec as this is the minimum delay and saving time of the oscilloscope before its
screen refreshes and allows the second lot of the data. Another oscilloscope records maximum and
minimum points (referred to as envelopes) of the same signal at every 20 sec until the full desired
time window is complete. The sampling rate of both the oscilloscopes is fixed at 1 MS/sec. From
the obtained results, it has been observed that most of the time the envelope of the measurement
signal remains constant hence other than recording every point the data were recorded every 20
seconds. The obtained results from the two oscilloscopes have good agreement and the method

has been successfully introduced.

7.2 Conclusion on RTN distributions

The second major issue tackled in this project is the statistical distributions of both RTN amplitude
and time constants. Time constants of RTN are the capture/emission times (CET) of traps within
a device and the fluctuation in the drain current is its corresponding amplitude. As device size
continues to decrease, proper modelling and characterising of RTN statistical properties becomes
important due to a single trap having a larger impact. Several statistical distributions for amplitude
and time constants of RTN have been proposed but the main issue of these results is the number
of data points used for statistical distribution prediction. There are typically less than 200 data
points [106] and that reduces the accuracy of the statistical distribution as the larger the number of

the data points, the more accurate the statistical distribution will be.

At first, the statistical distribution of the capture and emission times of traps that are responsible
for RTN is investigated. This work proposes an integrated methodology for extracting the
statistical distribution of capture and emission time constants. Unlike the traditional modelling
method, a top-down methodology is approached. The dynamic Monte Carlo simulation is used to
confirm that the average envelope of RTN from multiple devices can uncover the underlying
cumulative distribution of the CETs. The RTN envelopes were extracted from the overnight
experimental data. The overnight RTN test was conducted by following the new RTN

characterisation technique. By measuring the cumulative impact of traps on multiple devices
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against time window, the experimental results are used to extract the CDF of CETs. Afterwards,
the average long-term RTN data is used to assess the CDFs proposed by early works. The power
law distribution, which is most commonly used for ageing, was first considered. It is found that
the results do not agree well with Power law and, moreover, it overestimates the long-term RTN.
Next, the Log-normal distribution is used and it is found that it underestimates the long-term RTN
data. Finally, Log-uniform distribution is used and the overnight experimental data supports the
use of Log-uniform CDF for CETs. Although the test data within a short time window can be fitted
well with both Log-uniform and Log-normal distributions, only the Log-uniform model correctly
predicts the long-term RTN behaviour. The novelty of the work is that, for the first time, the long-
term prediction capability of the extracted Log-uniform CDF is verified based on the experimental

data. This will allow the assessment of RTN time constant distributions in a time scale of years.

Next, a comprehensive analysis on the accuracy in modelling the statistical distribution of RTN
amplitude is undertaken with the new contribution of a distribution model and model selection
criteria. The novelty of this work is proposing the new model selection criteria based on the relation
between error and trap number. A new method for extracting trap amplitude from the measured
raw data is also proposed. The cumulative distribution of trap amplitudes from multiple devices
fitted with Maximum Likelihood Estimation (MLE) method. The fitted distribution should
minimise the error not only for the whole data set but also in the distribution tail. It was discovered
that Generalized Extreme Value (GEV) distribution has the least Z-score based sum-square-error
(SSE). The new model selection criteria were then used to make sure the obtained results follow
GEV distribution. The new method requires a monotonic error reduction with the increase in trap
number. When this method is applied to the measured amplitude data, it is found that GEV meets
this criterion well whereas other distributions like Exponential, Lognormal, and Gumbel
distributions do not. To enhance the justification on the GEV model selection, bimodal
Exponential and Lognormal CDFs are also used and it is found that they have a modest impact on
the error even with more fitting parameters. A reference benchmark is also provided to access the
impact of a limited number of traps on the CDF accuracy. For 90% confidence, the guide-band for
RTN induced dVth at 5o should be increased roughly by 26.5% from the value estimated by the
statistical distribution based on 1,000 traps. It has been shown that the uncertainty caused by using
a limited number of traps is substantially smaller and concluded that the uncertainty in RTN

amplitude prediction and modelling are dominated by CDF model selection.
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RTN is a stochastic noise occurring when traps capture and emit electrons or holes. The voltage
and temperature applied to MOSFETS are directly affecting the behaviour of RTN. The final work
of the project is based on the impact of gate voltage on RTN amplitude and CET distribution. From
the start of the project, all the experiments have been conducted under gate voltage close to
threshold voltage of 0.5 Vg and at the end of the project an operating voltage of 0.9 Vg is applied
to observe the impact of Vg on the distribution function at 28°C. The same method and procedure
for RTN amplitude and CET extraction are used as before. Based on the obtained results, it is
concluded that RTN amplitude distribution is Vg dependent. In this case, the RTN amplitude
distribution at 0.9 Vg fits better with Lognormal instead of GEV in terms of the least Z-score based
error. However, the accuracy of the Lognormal CDF does not confirm the new model selection
criteria and further work needs to be done. The reason behind the difference between the different
statistics at different gate voltage is due to the narrower percolation path under 0.5 Vg in
comparison with 0.9 Vg. As a narrower percolation path increases the single trap impact, the RTN
amplitude distribution for 0.5 Vg has a longer tail than that at 0.9 Vg. In contrast, the RTN time
constant distribution is shown to have no dependence on Vg, as in both bias conditions the
distribution follows Log-uniform behaviour. The conclusion was drawn based on the collected

data and due to the time limit of the project and its general applicability awaits further work.

7.3 Future perspectives

Before listing the suggestions for future work, it is important to address some of the challenging
tasks in the research. The continuous RTN data acquisition has instrumental and experimental
limitations, long-term RTN measurement becomes too time consuming, the limited available
number of devices for statistical analysis and minimising system noise were the most challenging
parts of the work. The experimental environment and the results can be improved if all the above
can be optimised. While this thesis has highlighted a successful approach of systematic RTN
overnight test, new RTN distribution models and long-term RTN prediction, there are several parts

that need to be improved or addressed.

Firstly, the proper continuous RTN data acquisition is needed so that no information is lost. In this
work, due to oscilloscope slow processing and memory limitation the test pattern was designed
with two oscilloscopes and signal envelopes were used for overnight data. This limitation can

potentially be further improved by looking into some potential solutions such as continuous Data
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Acquisition Cards (DAC) platform. The quickest and the easiest way would be using a DAC for
recording continuous data directly to an external hard drive. Once the DAC is connected with the
PC or laptop, then the integrated hardware could be either controlled by existing code or by
developing new LABVIEW code. This would improve the continuous RTN data measurement.

The next issue would be addressing methods to simplify the huge data analysing procedure.

The experimental data show that the drain current fluctuates both below and above the initial value
of Id, potentially containing both acceptor and donor traps in the device. The collected data at a
certain time is mixed with negative and positive values. For accurate RTN modelling, both the
negative and positive data should be covered. One potential approach could be assigning acceptor
and donor Id according to their measured ratio and then the experimental data will be separated
into two parts: Id above 0% and Id below 0% as a starting point. That means separate modelling

for acceptor and donor traps of RTN.

This work was done under RTN DC conditions. Early works also typically measure the RTN under
DC conditions for convenience, but the real circuits typically operate in AC conditions. Under DC
conditions, the RTN is dominated by the traps located close to the Fermi-level, Ef, at the
oxide/Silicon interface, as the traps below Ef are steadily filled. Under AC conditions, however,
they can be empty and contribute to the instabilities. The differences in RTN between DC and AC
operation have not been characterised in this project and are not well understood, thus opening

another area for investigation.

Due to the limited number of available devices, the conclusion drawn in this project is only based
on nMOS devices, hence further extension of the work could be done with pMOS devices and the

comparison between them would be interesting.

RTN parameters are voltage and temperature dependent. However, in this work gate voltage has
been varied only at two values: 0.5 V which is near to threshold voltage and 0.9 V considered as
operating voltage. The extracted RTN amplitude distribution is found to be different at different
biases, but the model selected for higher Vg does not agree with all model selection criteria
introduced for the work. Therefore, further work needs to be done to gain confidence in the

accuracy of the distribution model when bias is varied.
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Chapter 7 Conclusions and Future perspective

Moreover, in this paper several statistical distributions of single trap RTN amplitude are compared
with experimental data on a single type (as per technology and size) of transistor, and it is
concluded that GEV distribution fits the best when biased at 0.5 Vg. Since this distribution was
chosen without any link to the underlying RTN physical mechanism, there is no guarantee that it
is always good for other MOSFETS fabricated by other processes. The general applicability of the

conclusions drawn in this project awaits further verification.

The most promising extension of this work would be developing a model that could provide the
probability of RTN occurrence in different states or levels that could impact the performance of
the designed circuit. Based on the experimental results, an industry-standard model would be

developed to predict long term RTN probability in circuits.
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Appendix A

»= Trap Extraction Methodology

Firstly, one looks for a clear step-like change in the measurement data and an example is given in
Appendix A 2 (a). Then, as shown in the figure, locate the start and the end point within a shifted

level for further averaging process. The start and end point can be selected by checking if the next

éid éld éld éid éld

upcoming 5 data points, (— , , , , )are within
Id jth+1" Id jth+2  1dith+3  Idjth+4  Idith+s

+15% and — 15% of current ‘Sll—dd. o 15% is considered as the system noise level and it can be
it

justified by the results in Appendix A 1. The envelope of system noise reaches ‘Sll—dd = 0.64%, which

is 15.8% of the average envelope of 402 devices (‘Sll—dd = 4.03%). Hence, 15% tolerance level is

used.

To detect a step-like change, the differences between 511—:. . and its next 5 points are checked. The
it

result of checking is a Boolean (‘0° or ‘1’) statement. If the difference is larger than 15%, it is a

‘1’. For example, for 5 checking points is used in Appendix A 2 (b), the results can either be ‘00000°,

‘11111 or a mixture of ‘0’ and ‘1’. The 5 checking points will be multiplied together as a single

output of ‘0’ or ‘1’. Thus, ‘00000’ and mixture of ‘0’ and ‘1’ will lead to an output of ‘0’.

Output of 1 indicates that all 5 points are at least 15% away from %i . so that it corresponds to
it

éid
d

a step like change. The ;

will be the start point for the upcoming ‘flat’ region, therefore. If
ith+1

output is 0, the loop for start point or end point searching will continue until an output of ‘1” is

detected.

Once the start and end point are detected, all points between the start and end point are summed
up and averaged to obtain a mean value. The mean value will be plotted as a red line as shown in
Appendix A 2 (b).
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Appendix A 1 shows the average Up-Envelope (UE) of 402 devices in blue line and raw noise data in red.

The simplified signal is further processed to obtain the RTN signal with two discrete levels. The
high levels of simplified signal are averaged to give the high-level of the RTN. Similarly, the low-
level of simplified signal is averaged to obtain the low level of RTN. For example, the black dashed
lines in Appendix A 2 (b) are the two discrete levels of the RTN. A signature of RTN is that Id
switches between two levels multiple times. To justify the presence of RTN, a minimum of 3

switches between the two levels are used.

This method has been justified by using TLP. The results of the new method have been reasonably

close to the result of TLP. For example, the result extracted is ‘Sll—dd =0.559%)by the new method and

‘?—dd =0.558% is extracted from the TLP with the same data in Appendix A 2 (b) and Appendix A 2 (C).

Thus, the method is justified and applied to the trap extraction of measurement data hereafter.

Appendix A 2 (d) gives one example where there are both fast and slow traps. TLP is not applicable
in this case, as Appendix A 2 (e) shows that one cannot extract RTN amplitude by using the TLP for
the signal of Appendix A 2 (d). The WTLP is not working either, as the density of cluster is hardly
identified. In this case, the amplitude of the fast trap can be extracted first by using a sufficiently
small-time window that the slow trap does not cause a switch, as shown in Appendix A 2 (f). With
longer time window available, another slow trap can become active and available for amplitude
extraction. To determine the amplitude of the slow trap, a large time window is used, as shown in
Appendix A 2 (g). The extraction method for slower trap will be discussion in the upcoming sub
section. Additionally, 3 traps are the maximum number of traps per device that can be reliably

extractable by the measurement data applied.
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Appendix A 2 (a) A Sample of RTN Trap found in devices. (b) Single Trap with Simplified Trap Modelled. (c) TLP result to prove our
extraction method. (d) An example of two trap long measurement data. (e) TLP showed an unextractable result. (f) and (g)
display the result of the 1st and 2nd Trap extracted from data in (d).

= Slow Trap Extraction

For slower and complex trap as in Appendix A 3, ‘checking points’ extraction method will not work
directly because the signal corresponding to the two levels of slow trap can overlap and fall within
+15% and -15%, caused by the fluctuation originating from the fast trap. This leads to the failure
of ‘checking points’ extraction method in detecting any step like change in the data. Hence, to

make ‘checking points’ extraction works for such overlapping data, the procedures are modified,

as discussed below.

9.7445 9.745 9.7455 9.746 9.7465 9.747
Time (s)

Appendix A 3 shows an extracted slow trap example.
Firstly, an average value of the whole dataset within the time window is calculated and it is -

0.8181% 'Sll—dd for this example, plotted as black line in Appendix A 4. Since this is the slower trap in
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this device, the fast trap which is previously extracted will be included in this slower trap
extraction. 0.5% ‘Sll—dd fast trap is extracted previously, with 15% noise layer introduced to the fast

trap, so that 0.5% * 15% gives 0.575%. This gives the estimation of fast trap with noises. Then,

adding 0.575% to the average value gives 2 boundaries of,

i) -0.8181% + 0.575% = -0.2431% (Boundary 1)
i)  -0.8181% - 0.575% = -1.3931% (Boundary 2)

Both boundaries form the lines plotted in yellow in Appendix A 4, labelled as ‘Boundary 1° and
‘Boundary 2’. Each boundary will be used to perform an inspection over each data point, checking
if the data points is above ‘Boundary 1’ or below ‘Boundary 2’. This is done by using ‘for loop’

with the size of data as the looping iteration size.

1

0.5r

0 |M l |.; Boundary 1 L.“M\! thu |

-0.5

“h |
IW i

sldiid (%)

"H]'H Uil T W

Boundary 2

-1.5}
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Appendix A 4 shows the average line and fast trap boundaries with noise layer introduced.

Each boundary inspection will require one loop and there will be 2 loops to be done, therefore.
First loop (Loop 1) checks if data;;;, (data at current time point in the loop) is above the ‘Boundary

1’. An array named ‘L1’ is used to store the results of Loop 1. How Loop 1 works is shown below,

i) If data;;y, is above the ‘Boundary 1°, L1, = “1°.
i) If data;, is below the ‘Boundary 1°, L1;;, = “0°.

Atlast, ‘L1’ is an array with the same size of the data set since it is checking every data point with

Loop 1 and it contains of ‘0’ or ‘1’ at each time point.

Second loop (Loop 2) is introduced to check if data;;;, is below the ‘Boundary 2°. An array named

‘L2’ is used to store the results of Loop 2. How Loop 2 works is shown below,
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)} If data;;y, is below the ‘Boundary 2°, L2, = 2°.
i)  If data;sy, is above the ‘Boundary 2°, L2, = ‘0°.
‘L2’ array contains of ‘0’ and ‘2’ at each time point. Now, L1 and L2 will be combined to form an

array, ‘Lyesyie’ With mixtures of ‘0°, ‘1” or ‘2’ at each time point. Hereby, in ‘Lyesyit s

i) ‘0’ represents data within ‘Boundary 1’ and ‘Boundary 2.
i) ‘1’ represents data above ‘Boundary 1°.

iii) ‘2’ represents data below ‘Boundary 2.

Sld/id (%)
S
[$,]

IIWWV‘” i ~_ -2.1!‘,“‘ il

|
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Appendix A 5 indicates the results region from for loops inspection.
‘1’ and ‘2’ in L.z, give indication of the step like change. Check starts from the first time point

of Lyesuit,,, until the “if statements’ detect 3 continuous of ‘2* without ‘1’ in between. 0” will be

ignored as they are data within the boundaries. For example,

i) Array results, ‘0 ‘0” ‘0” ‘0” ‘0”1 “1” “1” ‘0” “2” “1” “2° °2” is not the step like change.

i)

A continuous detection of ‘2’ is needed because there might be some misleading spike causing the

Array results, ‘0° €0” ‘0” ‘1”1”7 “1° ‘0” ‘0” 2” “2° ‘0 “2” 0’ 1s the step like change.

data;.y, to break above ‘Boundary 1’ or below ‘Boundary 2’, thus, giving wrong indication of step

like change. Example of misleading spikes is shown in Appendix A 6.
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Appendix A 6 shows the misleading spike in the data.
Once 3 2’ is detected, the time point of the first upper data can be determined. The time point is
given by taking the time point of the 1% ‘2> detected in the 3 ‘2> and minus by 1, illustration is

given in Appendix A 7. This gives where the first upper data ends before step like change.

Array results, ‘0" 0" ‘0’ ‘1" 17 17 00 07 2" 2" "0 ‘2" is the step like change.

)

time point of 1st '2'

Appendix A 7 gives the clear illustration of how time point is picked.

For instance, the time point of 1% ‘2 is 451,, out of 3200 data points (data size within the time

window). The first upper of data starts from 1, and ends at 450, (451;, — 1).

To clearly visualize if the step like change is captured correctly, an upward shifting is done by

offsetting the step like change by 3 times of the fast trap amplitude:
) 0.5% * 3 = 1.5% (the offset value applied)

Also, this helps to prevent the ‘checking points’ extraction method used for the fast trap from
failing in the overlapping data between steps like those in Appendix A 6. The data from 1, to 450,
will be added by the offset value calculated above individually. Throughout these procedures, an

offset data can be generated from the true data as plotted in black in Appendix A 8.

To clarify, only the upper edge of data is raised by offsetting. Lower edge data remains the same
values as it is. Now, ‘checking points’ extraction method can be applied to extract the trap

amplitude accurately with the clear black data.
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Appendix A 8 shows the offset-ed data plotted in black.
With ‘checking points’ extraction method, the average of each shifted data is plotted as red in
Appendix A 9 (a), but the red plotted line is the average of offset data. To extract the amplitude of
true data, the upper shifted red lines must be taken off by the offset values of 1.5%. After taken
off, the average is plotted as green line in Appendix A 9 (b). The green line represents the true

extracted slow trap amplitude from the true data.

(a) (b)
2 Ol : .m;.".u.‘. . 1 12 Okl - ,mig.lu.m gl
Wiy ™ ™ ™ ™
-1 -1 i
,Ilmlrr”"'lppl‘ll' |”1 ”w'm‘m il l!l”wn"!”]]”' M! ‘!mﬂ‘lr? "]
. 9.7;345 9‘7.45 9.7;155 9.7.46 9.7;165 9.7.47 2 9‘741145 9‘7'45 9,7;155 9.#46 9.7465 9.7l47
Time (s)

Time (s)

Appendix A 9 (a) and (b) show the average line for offset-ed and non-offset data.

Appendix A 10 (a) shows an example of a huge amplitude fast trap included. Fast trap amplitude
that is previously extracted for this device is -4.2% ‘Sll—dd. This amplitude acts as the centre line and
+15% of the amplitude applies to form the ‘Boundary 1’ and ‘Boundary 2’:

Q) Boundary ‘1’ = —4.2% * 0.85 = —3.57%,

(i) Boundary ‘2’ = —4.2% x 1.15 = —4.83%.

Both boundaries are plotted as yellow lines in Fig.6i. The procedures for Loop 1 and Loop 2 remain

the same, data;;, beyond ‘Boundary 1’ gives ‘1’ in ‘L1’ array and data;;, below ‘Boundary 2’
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gives ‘2’ in ‘L2’. data;s, below ‘Boundary 1’ or above ‘Boundary 2’ gives ‘0’ in ‘L1’ and ‘L2’.

Lyesuit 18 obtained by combining ‘L1’ with ‘L.2’.

) ‘0’ represents data within ‘Boundary 1’ and ‘Boundary 2’.
i) ‘1’ represents data above ‘Boundary 1°.

iii) 2’ represents data below ‘Boundary 2.

The criteria of step like change detection in this example is increased to 10 continuous time of ‘2’
to be detected. This is increased due to the number of misleading ‘2’ in Appendix A 10 (a) is larger.
Then, the time point of the 1% ‘2> minus by 1 equal to the time point for first upper data. This gives

the starting and ending time point for first upper data, this will be offset by the values of,
)] —4.2% * 3 = —12.6% (the offset value applied).

Lastly, the offset-ed data is plotted as black data in Appendix A 10 (b). ‘Checking points’ extraction
method is applied to extract the trap amplitude of black data and the result is plotted as red line in
Appendix A 10 (b). The true trap amplitude is then extractable by taking off the offset value from

red line. This forms the green line in Appendix A 10 (b).
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Appendix A 10 (a) and (b) show the example of how huge amplitude slow trap can be extracted.
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