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changing transistor architecture, as lithographic processes improved. Simultaneously, 

transistor performance increased without big challenges in underlying device physics. 

Yield could be well controlled. All of these factors brought the semiconductor industry 

enormous advantages. However, although the IC industry enjoys the benefits that scaling 

has brought for 4 decades, the ‘happy scaling’ years are over. At the beginning of the 21st 

century, CMOS enters the post-Moore’s law period and device dimensions are at a sub-

100 nm scale. Problems arise due to aggressive scaling (Fig.2.2) and make 

miniaturization more and more difficult [11, 13, 14]. 

 

 
Fig.2.1 Average transistor price from 1968 to 2002. After [15]. 

 

For example, as the channel length is shrunk aggressively, poorer control of threshold 

voltage roll-off and drain-induced barrier lowering (DIBL) brings more variations to the 

threshold voltage and greatly increases average leakage current [16]. While scaling of the 

power supply voltage reduces the dynamic power consumption, the reduction of 

threshold voltage leads to larger subthreshold leakage. The exponential increase in IC 

density has been accompanied by an exponential increase in heat generation [17]. 

Moreover, and from the material perspective, SiO2 gate dielectrics suffer from charge 

tunnelling and material breakdown issues, as they become thinner and thinner [18]. High-

permittivity (high-k) materials were introduced as the gate dielectrics at the 45 nm 

technology generation [5, 19], allowing for a larger physical dielectric thickness, and 

leading to a reduction of leakage current and faster switching speed. However, for 

transistors below 50 nm, device scaling does not bring as much improvement as before 

due to the smaller dimension and area difference between the conjoint generations. On 

top of this, a significant investment in fabrication plant is required for the additional 
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complex process steps involved in making architectural changes such as the introduction 

of high-k dielectrics. 

 

The semiconductor industry faces many challenges in order to continue the deep 

transistor scaling. In addition, it is desirable that each scaled transistors’ characteristics 

are identical to the target characteristics (i.e. the same threshold voltage, drive current 

etc.), to ensure that CMOS integrated circuits employing hundreds of millions of 

transistors can realize complex functions reliably. For example, transistors with different 

threshold voltages but driven from a single ramping gate voltage, will have different 

turn-on times, and thus logic gates constructed from them will have different delay times, 

a source of race conditions in sequential logic. However, when transistors become 

smaller, small physical variations between transistors can result in large differences in 

their performance. For example, varying the width of a device ±5 nm on a 20 or 200 nm 

wide device, produces a 25% or 2.5% variation in drive current. A 5 nm variation in a 

transistor with nominal channel length of 20 nm results in a much higher deviation in 

device threshold voltage compared to a device with a nominal 200 nm channel length 

transistor. Variations between transistors make each transistor microscopically different, 

leading to the loss of yield. This becomes a serious obstacle for further transistor scaling. 

 

 
Fig.2.2 Cumulative interdependent challenges as a function of time (and technology generation). After 

[15]. 
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2.2	 Variability	 Classification	 and	 Statistical	

Variability.	
Since variability has a crucial impact on transistor miniaturization, it has been the subject 

of extensive investigations [20-22]. Variability is characterized by its origin and 

behaviour [23]. We can classify it into two categories: ‘process’ induced variability and 

purely ‘statistical’ variability. Process variability includes wafer-to-wafer level, wafer 

level, die level and layout-dependent variations (Fig.2.3). Wafer-to-wafer level refers to 

variations between different wafers, normally caused by variations in processing machine 

and environment (humidity, temperature, pressure…) conditions. Wafer level is the on-

wafer non-uniformities caused by gradual changes in temperature, gas flow, implantation 

doses etc. across the wafer as a whole. Variations on die level are often due to 

lithography steps of die-by-die pattern exposure. Layout-dependent variations are caused 

by the layout of patterns, such as pattern-to-pattern distance and pattern densities. For 

such ‘process’ variability simulations of the parameters drift of circuit components is 

typically amenable to modelling and characterization based on process and design 

parameters. Its effects are typically predictable and deterministic for any given circuit 

design. Therefore, normally such variability can be handled by improved process control 

or more regularity of the designed circuit layout. 

 

 
Fig.2.3 Classification of variability. After [23]. 

 

We use ‘statistical’ variability as a term for variability which is impossible to suppress 

purely at the technology (manufacturing) level. Such variability arises from the discrete 
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nature of charge and granularity of materials. It is truly stochastic and consequently, 

much harder to deal with – for it is impossible to predict the precise mismatch of any two 

components in a given circuit, but only the statistical likelihood of any particular 

mismatch. Though statistical variability has been investigated since 1975 [21], it did not 

bring the industry great concern for a long time. However, when devices began 

approaching deep submicron dimensions, statistical variability started to become a very 

critical issue [24]. It becomes more and more severe as device dimensions shrink further. 

For a long channel device, statistical variability induced variation has little impact on 

device performance as the statistical variations self-average over the relatively large 

dimensions and are overwhelmed by process variability. But when the geometrical 

dimensions drastically shrink, device dimensions are at the atomic level and statistical 

variability cannot be ignored any longer. For example, doping concentration is used as a 

single parameter to quantify the number of dopants in the channel. For larger devices, 

this is reasonable because even a difference of hundreds of dopants between devices will 

not result in a large difference in macroscopic device performance, considering the much 

larger number of total dopants in the channel. But when the channel length is under 50 

nm (here we assume that the device is a minimally widthed square device), the total 

number of dopants in the channel is of the order of 10 to 100 [25]. Few more or few less 

individual dopant charges the dopant density of 1-10%, which can result in a measurable 

difference in the transistor’s properties and cannot be ignored. Moreover, the specific 

positions of the dopants in the channel also have an important role in determining device 

performance. The traditional concept of concentration, which assumes a smooth, 

continuous distribution may no longer be applicable. A 1 nm thick dielectric layer 

consists of only 5 atomic layers, which means a least 20% variation can be induced 

because of atomic scale non-uniformity.  

 

From the above we can see that statistical variability arises due to intrinsic variations at 

the atomic level. Statistical variability always exists regardless of device dimensions, but 

was not problematic until device dimensions approached the atomic scale. Since there is 

less self-averaging of variations when the transistors approach the atomic scale, statistical 

variability now represents a major stumbling block for continued scaling.  
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Compared with process variability, statistical variability is less controllable. It was 

reported that the influence of statistical variability exceed that of process variability at 

the 130 nm technology node [26]. Wafer-to-wafer or die-to-die variation induced by 

process variability can be improved or mitigated by design or process changes. However, 

statistical variability is induced by atomic level disorder, and cannot be avoided. It makes 

each transistor both microscopically and macroscopically different, which is contrary to 

the designer’s expectation that identical devices will have the same electrical 

characteristics. This will introduce mismatch in circuits and will have a significant 

impact on the functionality, yield and reliability of the corresponding circuits and 

systems. The study of statistical variability is therefore critical to first understand, and 

then mitigate, the impact on circuit and system performance and yield. 

 

In the following subsections, three main sources of statistical variability in bulk 

MOSFETs will be discussed. They are random discrete dopants (RDD), line edge 

roughness (LER) and metal gate granularity (MGG) [27-30]. 

 

2.2.1	Random	Discrete	Dopants	
RDD are the dominant source of statistical variability in bulk MOSFET. When transistor 

dimensions are much larger than the atomic scale, device behavior can be simulated with 

the assumption that devices are continuously doped. Thus the carrier distributions and 

potential profiles are all smooth. However, as the dimensions of transistors approaches 

the atomistic scale, the number of dopants in the active region is of the order of 10 to 100 

and the assumption that transistors are continuously doped is not reasonable any more. 

The random number and position of the individual dopants result in inhomogeneity in the 

potential profile. Fig.2.4 shows an example comparison between the potential profiles of 

continuously doped and atomistic devices. The inhomogeneous potential profile leads to 

local variation in the height of the source-to-drain barrier, as can be seen in Fig.2.4 (b), 

meaning that some regions of the device will turn on at different gate voltages compares 

to other regions, thus affecting the overall threshold voltage. 
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(a) (b) 

Fig.2.4 (a) Continuously doped device potential profile. (b) An atomistic device potential profile [31]. 

Used with permission. 

 

As dopants are implanted into the device at high energy, they scatter many times before 

rest. During the thermal annealing process, the implanted dopants diffuse and replace the 

Si atoms, becoming electrically active. In the whole process, dopants are randomly 

scattered and diffused. Thus the dopant distribution is stochastic and varies from device 

to device, resulting in the variations in the nominal threshold voltage and hence 

mismatch between nominally identical devices. Fig.2.5 clearly shows that as the channel 

area decreases, the fluctuations in the threshold voltage greatly increase. 

 

 
Fig.2.5 The deviation of threshold voltage as a function of channel area. After [32]. 

 

RDD was pointed out as early as in 1972 [14]. After this, experimental data showed the 

effect of RDD in many studies [33-35] from the 1980s. As MOSFETs have shrunk, RDD 

has been more extensively studied, from the analysis of the experimental results [33-37], 

to the modelling of its effect for the optimization of the device and circuit design [38-40]. 

The analytical models that describe threshold voltage fluctuations induced by the random 
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dopants in MOSFETs have developed from 2D [36, 41, 42] to 3D [39]. As has been 

shown in [43], RDD has contributed 60-65% of the total variability for 65 and 45 nm 

technologies. It is of great importance to consider RDD in conventional MOSFET 

design. 

 

2.2.2	Line	Edge	Roughness	
Though RDD is the dominant source of statistical variability in conventional planar 

MOSFETs, in the deep sub-micron regime another source of statistical variability begins 

to have a strong effect on device performance – namely, line edge roughness (LER) – 

which affects the precision with which the device can be patterned. 

 

LER arises due to the granular nature of the resist polymer and the discrete nature of high 

absorption photon to photon. During the fabrication process, photoresist is spin-coated on 

the silicon fabricate wafers. Then the wafers are exposed to UV or deep UV light through 

the photomask, as a result of which the gate image is patterned on the photoresist. The 

exposed wafer is emerged in developer for a certain time according to the photoresist 

material and the corresponding areas are dissolved depending on the type of the resist. If 

the positive photoresist is used, the exposed area will be left after developing. Contrarily, 

the inverse area will be left if the negative photoresist is applied. However, during the 

exposure process, light diffraction or e-beam scattering leads to roughness in the edges of 

the exposed area. Meanwhile, the resist molecules entangle and polymer aggregates form. 

Roughness also arises when in dissolving the exposed photoresist, where larger 

aggregates take longer to dissolve than the smaller ones. Thus, the gate length varies 

microscopically across the width of the device. Subsequent processing duplicates the 

rough lines into the transistor structure by etching, and then the remaining photoresist is 

stripped. 

 

LER is not a problem if the transistor’s channel length is orders of magnitude larger than 

the RMS roughness. As reported in [44], LER has no effect on Intel’s 130 nm devices 

because the channel length is much larger than the RMS roughness. Due to the negligible 

influence of LER on device performance during that period, modelling of its effect was 

nearly absent. However, with the transistor scaling, LER has become a significant 
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fraction of the gate length, introducing noticeable local variations in the gate length. It is 

reported that for the 45 nm technology that RMS of LER is almost 10% of its nominal 

length and it varies the saturation current as much as 10% [45]. As LER exerts more and 

more influence on device behavior, it becomes more and more important to be included 

into device simulator in order to properly assess its impact on device and circuits 

performances. The modelling and simulation of LER has changed from the 

approximation of using a ‘square wave’ [46, 47], as well as the simplified 2D simulations 

[48, 49] at the beginning, to the advanced statistical 3D simulation [50] to emulate the 

3D stochastic effect of LER. 

 

As gate length varies across the width of the device, device performance varies. For the 

longer parts of the gate, it is harder to turn on compared with the nominal gate length. 

The corresponding leakage current and drive current degrade. For the shorter parts of the 

gate, though it is easier to turn on and the drive current increases, the leakage current 

greatly increases. Due to the random nature of LER, the average device gate length is 

different from one device to the next. Therefore, the corresponding device threshold 

voltage, as well as leakage current and drive current vary from one transistor to another. 

These variations brought about by LER are very channel length dependent, being 

characterized by the VTH roll-off characteristic of the device as a function of the average 

channel length.  

 

2.2.3	Metal	Gate	Granularity	
At the 45 nm technology, Intel changed the SiO2 gate oxide to a high-k dielectric 

material for higher performance and lower leakage. Scaling the thickness of the dielectric 

layer is the main factor in the process of downscaling because it increases the capacitance 

between the gate and the channel and hence the mobile change in the channel. Thus with 

the same gate bias, improved gate dielectric scaling means that the inversion layer can be 

formed more quickly, and transistor switching speeds up. SiO2 was abandoned because 

its thickness had reached the physical quantum mechanical tunnelling limit. For very thin 

gates (<1 nm) the leakage due to tunnelling through the gate oxide was becoming critical. 

Further scaling of SiO2 thickness was therefore, impossible. In order to increase device 

performance and switching speed and minimise gate leakage, high-k materials were 
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introduced to allow the use of a thicker physical gate oxide while retaining the electrical 

equivalent thickness of the old, thin SiO2 [5]. The corresponding polysilicon gate has 

been changed to metal gate for compatibility. This is called High-k Metal Gate (HKMG) 

technology [19]. 

 

However, the metal gate, which is deposited before dopant implantation and acts as a 

mask for the source and drain (gate-first technology), crystallizes after thermal annealing. 

As the gate becomes polycrystalline, grains with random sizes and different 

crystallographic orientations and workfunctions form. The granulized metal gate results 

in randomly distributed local threshold voltage variations in the gate region. Therefore, 

MGG arises as the third main source of statistical variability. Fig.2.6 shows the surface 

electrostatic potential of a 30x30 nm MOSFET, which has two grains in the gate with the 

boundary between grains diagonally across the gate [51]. The figure shows the local 

variation in the source-to-drain barrier dependent on the work function of the grain above 

that part of the channel. 

 

 
Fig.2.6 Electrostatic potential of metal gate MOSFET with two grains [51]. Used with permission. 

 

MGG can be minimized by using a gate-last process, in which a sacrificial gate is used 

for dopant implantation and polished afterwards by Chemical/Mechanical Polishing 

(CMP) and removed by etching. The real gate is deposited after thermal annealing, 

remaining amorphous, and thus reducing the variations. However, in addition to the extra 

cost due to more steps in gate-last process, the surface after CMP can exhibit dishing and 
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irregularities, requiring further remedial processing steps. Therefore, there is a trade-off 

between using gate-first and gate-last process, with both being used in the semiconductor 

industry. 

 

The modelling of the effects of MGG has been researched previously [51-55]. The 

proposed model in [53] considers the statistics of grain sizes and orientations. However, 

the relationship between grain size and gate size is not considered in this study. The 

equivalent model is also used in [54]. Afterwards, a full-scale 3D simulation is 

performed which considers both grain size and gate size and is based on a 30 nm gate 

length MOSFET [51].  

 

With the above description of the three main sources of statistical variability, it is easier 

to understand the stochastic nature of statistical variability. A detailed qualitative and 

quantitative understanding of the sources of statistical variability will lead to a better 

analysis of stochastic device performance and corresponding circuit performance. Since 

some of these effects are non-Gaussian, and the important information for yield is in the 

tails of the distributions, large scale statistical analysis is essential at device and circuit 

level respectively for the investigation of the influence of statistical variability. 

 

2.3	 Bias	 Temperature	 Instability	 (BTI)	 induced	

Ageing	
Statistical variability is a type of variation that is independent of time, but is determined 

by the discreteness of charge and granularity of matter. Once the device is produced, its 

characteristics will not change over time. BTI is another phenomenon that affects the 

device during their lifetime, and becomes more severe as time passes, resulting in device 

degradation. NBTI, which stands for Negative Bias Temperature Instability, refers to the 

negative bias applied to the gate. This was first observed as early as 1967 in PMOS. 

PBTI, which stands for Positive Bias Temperature instability, is not important in poly-

gate NMOS. However, with the introduction of HKMG technology, NBTI in PMOS and 

PBTI in NMOS have become equally important [56]. 
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BTI is caused by electrical and thermal stress. It results from electrons or holes trapped in 

defect states at the interface on the gate oxide during circuit operation, when transistors 

in the circuit are operated in a stress condition (e.g. high gate bias and elevated 

temperature) [57]. Some carriers become permanently trapped over time, resulting in a 

permanent additional fixed change. As stress time accumulates, the number of traps 

increases and the dielectric layer’s insulating quality decreases, resulting in increased 

electron tunnelling through the dielectric. Therefore, as the device degrades the 

corresponding device threshold voltage shifts and drive current decreases [58, 59]. The 

effects of BTI become more severe as transistor dimensions shrink due to two reasons. 

Firstly, during production, high-k material has more defects than SiO2, which amplifies 

BTI problems. Some research shows that PBTI appears in NMOS after HKMG and it is 

assumed due to the larger number of defects in the dielectric layer that trap more charges. 

However, the mechanisms behind PBTI are still not fully understood. Secondly, as 

devices have scaled, supply voltages have reduced to around the 1 V level, so the shift in 

VTH due to BTI has an increasing impact on the circuit performance. The random number 

and position of the trapped charges also results in increased statistical variability. 

 

Trapped charge density increases with device ageing. The effect of these trapped charges 

cannot be considered alone as their effect is inextricably linked to the other sources of 

statistical variability, and in particular to the other discrete dopants [60]. An additional 

stress-induced charge will have a large impact if it occurs along a favoured current 

percolation path where there are no discrete dopants, but will have little effect if it occurs 

within a cluster of dopants which already exclude current flow from that region of the 

channel. This is clearly demonstrated in Fig.2.7, where the fresh transistor has a current 

percolation path between source and drain. Three strategically trapped electrons result in 

a blocking of the current percolation path, producing a large increase of 145 mV in the 

threshold voltage. Therefore, BTI can not be considered independently of microscopic 

variations in transistor structure [59]. Investigation and simulation of BTI combined with 

statistical variability is necessary. 

 

BTI is one of the most important device reliability concerns in advanced technologies 

[61, 62]. Threshold voltage shifts result in device operating characteristic drift, which 

changes over the lifetime of the devices, and can lead to circuit operation failure if it 
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exceeds circuit tolerance [63]. In small devices, when the intrinsic interaction of BTI 

with statistical variability is included, the problems can become severe. Different device 

turn on time due to device VTH shifts brings in sub-circuits frequency degradation, and 

finally result in system failure. Therefore, the investigation of BTI associated with 

statistical variability is very important from both device to circuit point of view [64]. 

 

 
 

 

(a) (b) 
Fig.2.7 The electron density in a single atomistically simulated device. In (a) a clear current path exists 

between the source and drain. (b) shows the effect of trapped charges (shown in green) which have 

completely closed off the current path resulting in a large change in device threshold voltage. 

 

2.4	Compact	Modelling	
SPICE (Simulation Program with Integrated Circuit Emphasis) is the industry standard 

circuit simulation tool that is extensively used to assist circuit design. As the IC industry 

grows exponentially, circuit design can only be accomplished with a circuit simulator, 

since large simulations need to be carried out for function realization and design 

verification. In addition, due to the small feature size, complicated layout and 

manufacturing process, IC manufacture is costly. Thus, avoiding design defects and 

ensuring the designed circuit performs as expected before production is of great 

importance. SPICE plays a vital role in facilitating circuit design, verifying circuit 

performance and predicting yield. As well as being used for existing technologies, 
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SPICE is also used for the early-stage design before the new technologies are formally 

introduced. In order to guarantee SPICE simulation accuracy, electrical component 

models in the circuit should mimic reality as closely as possible. On the other hand, these 

models should be as simple as possible to efficiently simulate the circuit, especially for 

circuits with many components. These simplified models, which can provide accuracy 

and simplicity simultaneously, are called Compact Models. Because usually the more 

accurate the model is, the more equations are required to describe device behavior, an 

accurate model takes longer computational time. Researchers invest great effort to 

balance the conflicting goals of model simplicity and accuracy. The research in this study 

is focused on MOSFET compact models, including statistical variability and reliability. 

 

As stated in section 2.2, device variability has existed since the invention of ICs. 

Previously, process variability was dominant, and was included in SPICE analysis of 

circuits via ‘corner’ compact models and the worst-case approach. The devices that 

deviate from the nominal performance are used in the worst case. If circuits can perform 

well at the worst case, they should perform well in the normal situations. This method is 

very efficient when die-to-die variability is the leading variability, because to a degree 

this variability is deterministic. However, statistical variability is different from die-to-

die variability. It is totally stochastic, as well as BTI, that trapped charges increase the 

statistical variability with time. The traditional worst-case analysis cannot capture the 

statistical property of circuit performance due to the stochastic nature of statistical 

variability and BTI. Therefore, large statistical compact models and circuit simulations 

are necessary in order to describe device and circuit behavior with statistical variability 

and BTI-induced ageing. 

 

As the IC industry grew rapidly, SPICE software developed rapidly at the same time. A 

variety of compact MOSFET models appeared in different SPICE versions. These 

models were designed for the particular SPICE software and were not compatible with 

others, which was obviously an obstacle for compact model and SPICE development. In 

order to standardize compact models and help compact models to develop, the Compact 

Model Council was founded in 1995 [65]. Several of the compact models have been 

selected by the Compact Model Council as the standard models for SPICE and CMOS 

technology development. The most renowned one is the BSIM model [66] (Berkeley 
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Short-channel Insulated-gate field-effect-transistor Model), which is designed by the 

BSIM research group at UC Berkley [67]. It is widely implemented in a variety of SPICE 

simulators and has served the semiconductor industry for more than 20 years. BSIM4 

belongs to the BSIM family, which started in the late 1980s, with the first one being the 

Berkeley Short-channel IGFET Model. Improvements were made through numerous 

iterations in the 20-year development of the BSIM family, with the motivation being “to 

develop a semi-empirical model which can cope with rapid changes and advancements in 

technology” [66]. BSIM4 is the extension of BSIM3, being more advanced in 

incorporating physical effects for sub-100 nm-regime MOSFETs. Another compact 

model, PSP, was attracting growing interest of the semiconductor industry. It is based on 

the surface potential and designed by Arizona State University and the NXP-TSMC 

Research Centre. Because BSIM4 is most intensively used compact model in industry, in 

this thesis, we focus on integrating the effect of statistical variability and BTI-induced 

ageing into the BSIM4 model. 

 

2.5	SRAM	
Static Random Access Memory (SRAM) plays a very important role in contemporary 

System-on-Chip (SoCs) [68]. SRAM usually occupies more than half of the die area and 

contains up to 2/3 of the transistors on a chip [69, 70]. It is at the top of the computer 

memory hierarchy because of its high speed, with write access times of less than 1 ns. 

Therefore, it is extensively used for caches or RAM in powerful microprocessors, micro-

controllers, FPGAs, etc., all of which require burst transferring of the data. Transistor 

scaling is beneficial to SRAM, since aggressive scaling of transistor sizes enables 

maximum memory capacity on the smallest possible silicon area and directly reduces 

cost per chip. However, SRAM greatly suffers from statistical variability and BTI-

induced ageing because its devices are minimally sized. Statistical variability and ageing 

makes each transistor intrinsically different. This greatly affects SRAM cell performance 

because of the matching requirements between the two inverters that form the core of the 

SRAM circuit. Moreover, large memories probe the statistical tails of transistor 

performance distributions, and the nature of these statistical tails governs bit failures 

when billions of devices are produced on one single chip. Therefore, SRAM circuit 

design requires large statistical-based compact models which include the influence of 
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statistical variability and BTI-induced ageing [71]. In this study, SRAM is used as a 

practical, industrially relevant vehicle to investigate the influence of statistical variability 

and ageing at circuit level. 

 

Rather than charging or discharging capacitors, SRAM uses the positive feedback of 

back-to-back inverters to realize a bistable state. The standard 6-Transistor SRAM cell is 

shown in Fig.2.8. It includes two pass-gate (PG) transistors (PGL, PGR), two pull-up 

(PU) transistors (PUL, PUR) and two pull-down (PD) transistors (PDL, PDR). Except for 

the p-type pull-up transistors, all other transistors in the cell are n-type. The basic 

performances of the SRAM cell are ‘read’, ‘write’ and ‘hold’, shown as follows. 

 

Hold: The binary state ‘1’ or ‘0’ is stored in the cell. In this situation, the wordline is low 

and pass-gates are disabled. 

 

Read: During the read operation, bitline and not-bitline are pre-charged. When PG 

transistors are enabled, the sloping voltage of BL on the ‘0’ side will be detected by a 

sense-amplifier attached to the bit lines, thus the stored data can be read out.  

 

Write: While bit lines are kept to the state that is to be written, PG transistors open and 

the information is written into the cell, forcing the back-to-back inverters to one of their 

stable states.  

 

 
Fig.2.8 6T SRAM cell. 
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2.6	Summary	
In this chapter, some most important challenges in MOSFETs scaling were introduced. 

As CMOS enters the sub-50 nm regime, statistical variability has proven to be key in 

device and circuit performance. The three main sources of statistical variability, RDD, 

LER and MGG have been discussed. Ageing effects due to BTI are considered, nothing 

that while BTI was initially observed in PMOS, the introduction of high-k metal gate 

technology has led to the observation of BTI effects in NMOS also. BTI is the critical 

reliability problem for MOSFETs and when it interacts with statistical variability, greater 

variation arises between devices. Since statistical variability and BTI-induced ageing 

greatly affect device performance, these effects should be introduced into compact 

models to help circuit design. Because they are inherently stochastic and make each 

device different, large statistic-based compact models and circuit simulations are 

required to simulate the circuit performance. In introducing SRAM it has been noted that 

it is very sensitive to statistical variability and BTI-induced ageing. The design of SRAM 

circuits increasingly requires compact models that integrate the effects of statistical 

variability and BTI-induced ageing, while also providing a mechanism to account for 

process variability. 
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Chapter 3 

Research Methodology 

 

 

 

 

 

3.1	Introduction	
As device dimensions scale down aggressively, statistical variability becomes a dominant 

source of variations between transistors. It arises from the discreteness of charge and 

granularity of matter, making each transistor’s electrical characteristic different from one 

to another [72]. Statistical variability on device performance is stochastic and thus the 

effect of it is stochastic as well. Meanwhile, HKMG technology exaggerates BTI. BTI 

greatly affects device reliability. Generation of defect states within the gate dielectric and 

subsequent trapping charges during device operation can lead to a significant increase in 

threshold voltage, lowering the drive current. In addition, the dielectric layer becomes 

easier to break down. Moreover, the interplay between statistical variability and BTI 

results in further device parameter variation which stochastically affects the degradation 

in performance as a function of device ageing. The degradation in device performance 

subsequently degrades the circuit performance, increases the power dissipation and 

decreases the yield. The effects of statistical variability and BTI-induced ageing were 

introduced in detail in Chapter 2. Integrating these effects into compact models is 

necessary. In particular, this is important for the Design Technology Co-Optimization 

(DTCO) and the corresponding tool flow and empowers variability aware circuit design. 

A statistical compact modelling methodology that accurately captures the statistical 

properties of variability and BTI degradation is a prerequisite to guarantee the 

effectiveness of circuit level evaluations. 
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The accurate modelling of the impact of device variability and reliability on circuit 

behavior requires compact models to meet the following standards. Firstly, compact 

models should capture the distributions of device figures of merit (the performance index 

of each device, introduced in section 3.4.2). This indicates that the compact models are 

capable of modelling the behavior of variable devices at different ageing levels. 

Secondly, compact models should capture the correlations between device figures of 

merit and hence the behavior of the technology is preserved in the compact model 

extraction strategy. Thirdly, as large-scale circuits contain billions of transistors, compact 

models that meet the first two goals should be generated sufficiently large in order to 

provide detailed information in the distribution tails following statistical circuit 

simulation and extraction of statistical circuit figures of merit therefrom [73]. Failure to 

have a sufficiently large independent sample of compact models for circuit simulation 

will result in subsampling and generation of statistical artefacts in output distributions. 

This will be introduced in section 5.2 in detail. Only when compact models meet these 

three criteria, statistical circuit analysis can be meaningful and power/performance/yield 

(PPY) can be accurately predicted. 

 

In order to accommodate these criteria in compact model extraction and generation, it is 

important to develop systematic simulation methodologies to enable the statistical circuit 

simulation. The description of the simulation methodologies and tools is the main subject 

of this chapter.  

 

Section 3.2 describes the research flow and simulation tool chain used in this study to 

facilitate each step. The following sections outline the methodologies used in each step, 

except for the compact model generation methodology that will be introduced in detail in 

Chapter 5. In section 3.3, the physical simulation methodology, based on Drift Diffusion 

(DD) approach, and used to obtain device performance under statistical variability and 

ageing conditions, is presented. Section 3.4 discusses the compact model extraction 

methodology. The statistical circuit simulation engine RandomSpice, that is employed in 

this study to perform statistical circuit simulation, is explained in section 3.5. Section 3.6 

summarises this chapter. 

 



 44 

3.2	Research	Flow	and	Simulation	Tool	Chain.	

 
Fig.3.1 The simulation flow. 

 

The simulation flow of this research is shown schematically in Fig.3.1, which is aimed at 

generating accurate compact models that are capable of describing the effects of 

statistical variability and BTI-induced ageing and assessing these effects on circuit 

performance. The initial step is the statistical physical transistor simulation (step 1), 

followed by statistical compact model extraction (step 2), statistical compact model 

generation (step 3) and finally, statistical circuit simulation (step 4). In order to extract 

and generate compact models, transistor characteristics under the influence of statistical 

variability and BTI-induced ageing are required. Therefore, obtaining this data as an 

input for compact model extraction is the first step, with physical TCAD simulations 

being used for this purpose. Then statistical compact model extraction follows in step 2. 

The number of extracted compact models is limited to the simulation ensemble size from 

step 1. The distribution of the extracted compact model parameters are analysed and used 

to generate sufficiently large compact models on the fly in step 3. The limited number of 

extracted compact models is not directly used because this results in subsampling within 

statistical circuit simulation, details of which will be introduced in section 5.2. With the 

methodology used in step 3, generated compact models will preserve both the 

distribution of the SPICE model parameters from step 2 as well as the correlation 

between them. The compact model generation methodology is a feature implemented 

within the Monte Carlo circuit simulation engine RandomSpice. This methodology gives 

us the ability to generate a large number of compact models, sufficiently large to 

simulate circuits of a size typical to modern commercial circuit simulations (for instance 

of the order of 105 components). The methodology is designed so that this large number 

of compact models are sufficiently accurate to give accurate circuit simulation results. 

Then we apply them to statistical circuit simulation. Here, models are generated to 
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investigate the influence of statistical variability and BTI-induced ageing on SRAM cells 

(step 4). SRAM cells are chosen for this study as their design and margining are critical 

in modern microprocessors since SRAM occupies a large fraction of the chip area and 

individual cells are highly sensitive to variation.  

 

The TCAD-based Design Technology Co-Optimization (DTCO) GSS tool chain is used 

in this study to facilitate this research, as shown in Fig.3.2. This tool chain is composed 

of four main software applications. These are the structure translator Monolith, the 3D 

statistical TCAD simulator GARAND, the statistical compact model extractor Mystic 

and the statistical circuit simulator RandomSpice [74]. For this study, a well-designed 25   

physical gate length MOSFET has been used, the details of which will be introduced in 

section 4.2.1. In addition to the TCAD simulation tools, this work makes use of powerful 

computing clusters with a database for management of the large volume of data 

generated by statistical device simulations. These clusters includes 1016 cores featuring 

dual Intel Xeon E5530 processors with 48 GB RAM per node and 2376 cores ranging 

from dual Intel Xeon X5650 processors with 48 GB RAM per node to dual Intel Xeon 

E5-2650 v2 processors with 64 GB RAM per node. Large sample of statistical device 

simulations, compact model extractions and circuit simulations can be submitted to the 

cluster via the advanced job management system. Jobs can be executed simultaneously 

and efficiently using this large number of processors. 

 

 
Fig.3.2 The TCAD based Design Technology Co-Optimization (DTCO) GSS tool chain. 
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3.3	Physical	Simulation	Methodology	
 

 
Fig.3.3 Step 1 of the simulation flow. 

 

In order to generate statistical compact models, a large ensemble of current-voltage (IV) 

characteristics, which describe the individual device performances under the influence of 

statistical variability and BTI-induced ageing, are required (Step 1 of the simulation flow 

shown in red in Fig.3.3). Individual compact models are simply extracted against this 

data, with one model produced for each device in the initial physically simulated 

ensemble. 

 

Two approaches can be used to obtain the statistical transistor IV characteristics. The 

first approach is a direct measurement of devices from test chips. However, this method 

is limited to the existing generation of transistors and is time and resource consuming. It 

also may not be applicable to others when the transistor characteristics are rapidly 

changing with ageing. The second approach is to obtain data by means of physical 

simulation. This approach is capable of providing data for both existing and future device 

technology generations. The disadvantage of this method is that the data is based on the 

best available process and transport models, which may result in differences compared to 

the real device performance. These differences can be reduced by careful calibration to 

experimental data. The common way for industry is to use the physical simulation to 

predict and optimize device design at the early stage of new technology development. 

When the new technology becomes available, calibration is performed using data 

measured from real fabricated devices to improve the physical models. 

 

With regard to this research, not only fresh devices (containing only statistical 

variability), but also devices at different BTI-induced ageing levels are required. It is 
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difficult to age devices to the exactly expected ageing levels, as well as to the end of its 

life conditions. Physical simulation can give a clear indication for the cause of any 

change of the electrical characteristics. For example, device performance at the trap 

density of 5x1011cm-2 can be easily obtained by physical simulation. Meanwhile, the 20 

nm CMOS technology used as an example in this research was still in conception when 

this research started. Therefore, physical device simulation is used in this study. 

 

Physical device simulation is based on fundamental device physics, deriving electrical 

characteristics from device structure. There are mainly three approaches to physical 

device simulation. These are, in order of increasing physical complexity, Drift-Diffusion 

(DD) [75, 76], Monte Carlo (MC) [77] and Non-Equilibrium Green’s Function (NEGF) 

[78]. There are three main components of the DD model for semiconductor device 

simulation: Poisson’s equation that solves the potential distribution (electrostatic) within 

the device, including the carrier density statistics that relate the electron and hole 

densities to the local potential, and current continuity equations in drift-diffusion 

approximation with the local mobility model that defines the carrier transport. The main 

advantage of the DD approach is that it is computationally inexpensive compared to the 

other models. MC simulation is a semi-classical approach that directly solves the 

Boltzmann transport equation (BTE) by simulating the ballistic motion of carriers within 

the device, interrupted by stochastic scattering events. Scattering rates are based upon 

quantum mechanical transition rates based typically upon Fermi’s Golden Rule. The 

advantage of MC over DD is in the intrinsic ability to resolve non-local and non-

equilibrium transport, which is critical for accurate simulation of modern ultra-small 

devices. However, it is very time consuming and as it is a statistical method, MC is 

unsuited to simulate in the sub-threshold regime where currents are very small. NEGF is 

a full quantum mechanical transport solution and gives accurate information on 

tunnelling and leakage, which is of importance in minimising power, but is the most 

computationally demanding approach and often does not include scattering. 

 

In this research, the statistical 3D ‘atomistic’ simulator GARAND is employed to 

perform physical simulations. GARAND is designed for predicting present and future 

CMOS transistor performance in the presence of statistical variability and reliability. DD, 

MC and NEGF modules are all included in GARAND.  
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Since BTI-induced ageing is primarily an electrostatic effect and well captured by the 

DD model, DD is a good choice. In addition, device simulation is no longer restricted to 

a single device performance because each transistor’s performance varies due to 

statistical variability and accumulation of random traps. Simulations of thousands of 

devices have to be performed at different ageing levels in order to obtain detailed 

information on the extreme ends of the distribution of device figures of merit. Due to the 

fact that statistical variability and BTI-induced ageing are intrinsically 3D in nature, 3D 

device simulations of large ensembles are necessary to fully capture the influence of 

carrier trapping on devices. This indicates a requirement for large computational power 

and time. Therefore, employing quantum corrected DD module is the best choice of the 

simulation technique in this research. To take into account the effects of statistical 

variability, the major sources of variability, including RDD, LER, MGG and BTI-

induced ageing, are introduced in the GARAND simulator. The following sections 

present the details of the DD method and the simulation methodologies for statistical 

variability and BTI-induced ageing. 

 

3.3.1	Drift	Diffusion	
The current continuity equation in DD approximation is given by equation (3.1): 

                                                ∇. 𝐽! = 0     (3.1) 

where 𝐽! is the current density vector.  

 

In the DD model, the sum of drift current (induced by the electric field) and diffusion 

current (resulted by the carrier density gradient) approximates the total current density of 

electrons and holes, as given by (3.3) and (3.4). 

                                            𝐽! = 𝑞𝐷!∇𝑛 − 𝑞𝜇!𝑛∇𝜓    (3.2) 

                                          𝐽! = −𝑞𝐷!∇𝑝 − 𝑞𝜇!𝑝∇𝜓    (3.3) 

Where 𝐽! represents n-channel MOSFET current and 𝐽! represents p-channel MOSFET 

current. D is the diffusion coefficient and 𝜇 is the corresponding carrier mobility. 𝜓 is the 

electrostatic potential, 𝑛 and 𝑝 are the electron and hole carrier densities. 

 

The potential in equations 3.2 and 3.3 is obtained by solving the Poisson equation: 



 

 49 

                            ∇ ∙ 𝜖∇𝜓 = 𝑞(𝑛 − 𝑝 + 𝑁!! − 𝑁!!)   (3.4) 

where 𝜖  is the intrinsic permittivity. 𝑁!!  and 𝑁!!  are the ionised acceptor and donor 

doping concentrations respectively. In n-type device the majority carriers are electrons 

and in p-type device the majority carriers are holes. 

 

The DD approach benefits from its low computational cost. However, the decananometer 

scale MOSFETs greatly suffer from quantum effects and the inherent simplifications of 

DD technique limit the accuracy of this approach. Therefore, Density Gradient (DG) 

quantum corrections are applied in GARAND to take the quantum effects into account 

that will be described in section 3.3.2 [22]. 

 

3.3.2	Density	Gradient	Corrections	
In order to improve the accuracy of device simulations in the deep submicron regime, 

DG corrections are introduced in the drift-diffusion module of GARAND to capture the 

significant impact of non-local quantum effects [79]. Important quantum mechanical 

phenomena, including the quantum confinement effects that dominate the latest device 

architectures, can be accurately described with DG corrections [79-81]. The corrections 

are introduced by quantum potential 𝜓!", which is proportional to the second derivative 

of the carrier density as shown in Equation (3.5). 

𝜓!! = 2𝑏!
∇! !
!
= 𝜙! − 𝜙 +

!!!
!
ln !

!!
        (3.5) 

Where 𝑏! is the expression of the density gradient dependence. The Poisson equation 

with the DG corrections is shown in Equation (3.6). 

𝐽! = 𝑞𝐷!∇𝑛 − 𝑞𝜇!𝑛 ∇ψ+ 2∇ 𝑏!
∇! !
!

   (3.6) 

The Gummel decoupled method is applied in GARAND for the solution of the above 

equations [including Poisson equation (3.4), DG corrections (3.5), and current continuity 

equation (3.1)]. Equations are solved in succession and the result obtained by solving one 

equation is used in the next equation for the seeking of the new solution. The iterations 

are performed until the system converges. In this process, Poisson equation and DG 

correction equation are solved using a Newton Successive Over Relaxation (SOR) solver. 

The current continuity equation is solved using a Bi-Conjugate Gradient Stabilized 
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(BicGSTAB) solver. With the approach above, the 25 nm gate length bulk silicon 

devices used in this research are accurately simulated for IV characteristics [20, 22]. 

 

3.3.3	Incorporation	of	Statistical	Variability	and	Ageing	
The effects of three main sources of statistical variability (RDD, LER, and MGG) and 

BTI-induced ageing greatly affect planar MOSFET performance, as described in detail in 

section 2.2 and 2.3. This section describes the methodologies of incorporating these 

effects into the 3D simulator ‘GARAND’. 

 

RDD has been introduced in GARAND by employing the methodology as described in 

[82]. The placement of a random dopant at a silicon lattice site is determined by the local 

ratio of the doping and silicon atom concentration at that site. A Cloud-in-cell (CIC) 

scheme [83, 84] is used to spread the dopant charge to the surrounding eight mesh points 

of the cube. The amount of the charge to a particular discretisation node is determined by 

the distance between the dopant and the node. The charge assigned to a particular mesh 

point 𝑝 𝑥!,𝑦!, 𝑧!  is calculated using the equation below: 

𝜌 𝑥!,𝑦!, 𝑧! = 𝑤!!𝑤!!𝑤!!
!
!
                                   (3.7) 

where 𝜌 is the charge assigned at that mesh point. 𝑣 is the volume of the cell given by 

𝑣 = ℎ!ℎ!ℎ! (ℎ!, ℎ! and ℎ! are the mesh step size on x, y, and z axis respectively). 

 𝑤!!𝑤!!𝑤!!are the weight factors depending on the distance between the charge and the 

mesh point on x, y and z axis respectively. The equation to calculate the weight factor is 

𝑤!! = ℎ! − 𝑥 − 𝑥!  if 𝑥 − 𝑥! ≤ ℎ!. If 𝑥 − 𝑥! > ℎ!, then the weight factor 𝑤!! = 0. 

The potential distribution affected by RDD in bulk MOSFET is shown in Fig.3.4. 
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Fig.3.4 The potential distribution of bulk MOSFET with RDD. Used with permission. 

 

Line Edge Roughness (LER) is introduced in GARAND by using 1D Fourier synthesis. 

The gate edge is generated by the power spectrum associated with the Gaussian 

autocorrelation function [50]. The Gaussian power spectrum equation is given by 

Equation (3.8). 

𝑆! 𝑘 = 𝜋∆! ∧ 𝑒𝑥𝑝 − !!∧!

!
                                         (3.8) 

Where 𝑘 = 𝑖 !!
!"#

, 0 ≤ 𝑖 ≤ !
!
. N is the number of the mesh points and dx is the mesh 

step size in Fourier space. The Root Mean Square (RMS or Δ) and correlation length (Λ) 

are two key parameters. RMS indicates the average vertical deviation of the line 

roughness and correlation length (Λ) represents the distance over which the fluctuations 

are correlated. The autocorrelation function is the inverse Fourier transform of the power 

spectral density function. The gate edges are generated from the power spectrum 

corresponding to the Gaussian auto correlation function. The RMS amplitude of 4 nm 

with a correlation length of 30 nm is applied in this study. The potential distribution of 

bulk MOSFET under the influence of LER is shown in Fig.3.5. 
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Fig.3.5 The potential distribution of bulk MOSFET with LER. Used with permission. 

 

MGG is introduced by generating granular structure of the metal gate by Voronoi 

Tessellation technique [85]. The Voronoi Tessellation is the method that can partition the 

plane into different size of regions based on the distance to the seeds. The distance from 

every point of the region to the seed in that particular region is smaller than any other 

seeds. In this research, the average grain diameter is 7 nm. Different grains are assigned 

to different work functions randomly. The potential distribution of bulk MOSFET under 

the influence of MGG is shown in Fig.3.6. 

 

 

Fig.3.6 The potential distribution of bulk MOSFET with MGG. Used with permission. 
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The effects of ageing as a result of BTI-induced traps is introduced into GARAND by 

imposing a fine auxiliary 2D mesh at the interface of Si and gate dielectric. Similar to 

RDD, at each node of this mesh, a rejection technique is used to determine the presence 

of a single charge depending on the charge density. Then the cloud-in-cell scheme is 

applied to the charge to assign its charge to the surrounding nodes of the mesh [60]. 

 

The incorporation of statistical variability and BTI-induced ageing into GARAND 

enables the effects associated with them to be included in statistical compact models by 

providing target data for models to be extracted against. The simulations performed by 

GARAND provide this data for compact model extraction in this work. 

 

3.4	Compact	Model	Extraction	Methodology	
 

 
Fig.3.7 Step 2 of the simulation flow. 

 

This section discusses the methodology that allows the accurate compact models to be 

extracted based on the physical simulation results (step 2 of the simulation flow, shown 

in red in Fig.3.7). It is the bridge that transfers the IV characteristics obtained from 

physical 3D simulations (step 1) to the compact models that can be used in circuit 

simulations. It is expected that with this methodology, extracted compact models could 

reproduce the transistor figures of merit and the correlations between them from the 

physical simulation. Meanwhile, some information can be extracted by analysing the 

extracted compact model parameters for step 3 of statistical compact model generation. 

The compact model extraction is facilitated by the GSS software Mystic [86], which 

provides multiple optimisers and allows flexible extraction strategies. 
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In this research, the industrial standard model BSIM4 developed by UC Berkeley [2] 

(BSIM4 is detailed in section 2.4), is selected as the compact model. BSIM4 is a 

threshold voltage based semi-empirical model with a wide range of parameters and 

semiconductor equations to represent the device behaviours. Some of the parameters are 

with physical meaning, while others are non-physical fitting parameters. The use of 

physical parameters through the whole extraction strategy leads to an estimation of the 

extracted parameters within a reasonable domain. Non-physical parameters are used to fit 

phenomenologically the IV characteristics. This retains the physical meaning on the 

physical parameters. This is vitally important for compact model generation, as compact 

model generation is based on generating a careful selection of physical parameters that 

could capture the influence of statistical variability and BTI. 

 

Statistical compact model extraction is implemented by two stages, as originally 

described in [87]. The first stage is the uniform model extraction with the fixed and exact 

length, width, and continuous doping profile, when no statistical variability is considered. 

The second stage is the statistical compact model extraction, in which statistical 

variability and ageing effects are injected into the uniform compact model from stage 

one. As this research is based on the 25 nm gate length bulk MOSFET, the 25 nm 

statistical BSIM4 compact models with the effects of statistical variability and ageing is 

the target of this section. The extraction of BSIM4 model cards are based on a full set of 

electrical characteristics obtained from simulations performed by GARAND (or can be 

obtained by experimental data). 

 

3.4.1	Uniform	Model	Extraction	
The uniform compact model is based on the ideal device, excluding statistical variability 

on geometry and continuous doping profile. At this stage, ageing information is not taken 

into account. It is vitally important to obtain an accurate uniform compact model, since it 

greatly influences the precision of the statistical compact model and ultimately the 

accuracy of the statistical circuit simulations. It is expected that parameters with physical 

meanings can be retained as much as possible while the non-physical parameters are 

sacrificed and changed in the whole process in order to obtain the best fit.  
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There are two extraction approaches: group extraction and single device extraction. 

Group extraction approach aims at extracting a group of devices with different 

geometries. Single device extraction targets at extraction of a specific device geometry 

performance. Group extraction approach is more advanced in capturing parameters’ 

physical meaning while single device extraction is aimed at fitting the phenomenological 

curve. Comparing with single device extraction, group extraction may not be perfect for 

any single device, but it offers more accurate results while fitting a group of devices with 

different geometries, since it remains parameters’ physical meaning. Therefore, the group 

extraction approach is applied in this research. 

 

Before uniform model extraction starts, physical simulations are performed by 

GARAND at multiple channel lengths, device widths, different substrate bias, high drain 

(1V) and low drain (0.05V) bias. The temperature in all simulations or extraction is at 

27°C. Table 3.1 shows all structured parameters related to all device geometries and bias 

conditions. The basic transistor IV characteristics, including ID-VG at low and high VDS 

bias and different VB, ID-VD at different VGS bias and VB=0 are needed in the compact 

model extraction process.  

 

Although the target of the uniform model is the 25 nm gate length bulk MOSFET, the 

initial extraction is done on long channel devices in order to obtain parameters that are 

independent of short channel effects [88], such as VTH0 (low drain threshold voltage), 

VOFF, RDSW (source/drain resistance), UA (mobility) and MINV (middle inversion). 

Short channel devices are used to extract parameters related with short channel effects, 

for example ETA0 (DIBL). Different channel lengths and widths are considered in this 

extraction in order to make the extraction approach scalable.  
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Table 3.1 The physical simulation scenarios for uniform compact model extraction.  

Channel length 200 nm, 150 nm, 100 nm, 50 nm, 40 nm, 

30 nm, 25 nm, 20 nm 
Device width 30 nm, 25 nm, 20 nm 

Drain bias 1.00V, 0.05V 
Body bias -1V, -0.8V, -0.6V, -0.4V, -0.2V, 0V 

Temperature 27°C 
 

To start the extraction, some initial process parameters containing the device information 

are required. These parameters include dielectric constant and gate oxide thickness 

(TOXE), doping concentration in the channel (NDEP), temperature (TNOM), mask level 

channel length (Ldrawn), mask level channel width (Wdrawn), and source-drain junction 

depth (XJ). The values for the 25 nm device are shown in Table 3.2. 

 
Table 3.2 Initial parameter values before extraction for 25 nm device. 

Parameter NMOS PMOS 

TOXE 8.5x10-10 8.5x10-10 

NDEP 6.32x1018 7.047x1018 

TNOM 27 27 

Ldrawn 25x10-9 25x10-9 

Wdrawn 25x10-9 25x10-9 

XJ 1.75x10-8 1.5x10-8 

 

The optimization method used for the compact model extraction is the combination of 

trust region iteration and linear-squares fit. During the extraction process, local 

optimizing is performed at each parameter extraction, and the process is repeated until 

the best fit, determined by the lowest error, is achieved. This method enables to retain the 

physical meaning of the extracted parameters since each parameter is independently 

extracted within the physical meaning domain. Global optimization might result in the 

best fit of the IV characteristics, however, this leads to parameter compensation due to 

high correlations and complex interdependence between the extracted parameters. This 

will lead to problems in the compact model generation, which relies on parameter 

distributions that are expected to be continuous and mono-modal. Global optimization 
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cannot fulfil our main aim to keep the physical parameters as original as possible and 

change the non-physical parameters to help fit. Thus, global optimization is not 

considered in this research. Fig.3.8 and Fig.3.9 present the BSIM4 results of the 25 nm 

gate length n-MOSFET against the GARAND simulation results.  

 
Fig.3.8 ID-VG characteristics of the 25 nm BSIM4 nMOSFET model. Solid line: simulation results by 

GARAND. Symbol: the extracted compact model values. 

 
Fig.3.9 ID-VD characteristics of the 25 nm BSIM4 nMOSFET model. Solid line: simulation results by 

GARAND. Symbol: the extracted compact model values. 

 

The extracted models include accurate substrate bias dependence at both low and high 

drain bias, illustrated in Fig.3.10 and Fig.3.11, where the device behaviour is well 

maintained for substrate biases of 0, -0.2, -0.4, -0.6, -0.8 and -1.0V. 
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Fig.3.10 BSIM4 results of 25 nm nMOSFET at VDS = 0.05V for substrate biases of 0, -0.2, -0.4, -0.6, -0.8 

and -1.0V. Solid line: simulation results by GARAND. Symbol: the extracted compact model values. 

 

 
Fig.3.11 BSIM4 results of 25 nm nMOSFET at VDS =1.0V for substrate biases of 0, -0.2, -0.4, -0.6, -0.8 

and -1.0V. Solid line: simulation results by GARAND. Symbol: the extracted compact model values. 

 

The extracted 25 nm uniform model, that can accurately capture the body bias and drain 

bias dependence, follows the approach described in [89, 90] and is directly used in this 

study. In order to include statistical device variation and ageing in circuit simulation, we 

need to go beyond the above compact model extraction and extract statistical models 

against each device within the simulated statistical device ensemble. This is the second 

stage of compact model extraction and requires as a starting point the above uniform 

compact model, which was the first stage. The second stage, statistical compact model 

extraction will be discussed in detail next. 
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3.4.2	 Figure	 of	 Merit	 Based	 Statistical	 Compact	 Model	

Extraction	
The figures of merit define important aspects of the transistor operation. Table 3.3 shows 

the definitions of the key figures of merit for a MOS transistors. The figures of merit 

capture the most important characteristics of the device. It is convenient to analyse a 

particular aspect of the transistor operation based on the representation the particular 

feature figure of merit represents. The key figures of merit listed in Table 3.3 are the 

most important figures in respect to MOSFETs, including the threshold voltage, drive 

current, leakage current and short channel effect respectively. These parameters play an 

important role in circuit design and analysis. 

 
Table 3.3 The definitions of figures of merit. 

VTH at high drain bias Gate voltage when drain current reaches a criteria at high 

drain bias. (In this study, 1×10!!𝐴/𝜇𝑚 is used as the 

criteria and the high bias in this research is 1V)  
VTH at low drain bias Gate voltage when drain current reaches a criteria at low 

drain bias. (In this study, 1×10!!𝐴/𝜇𝑚 is used as the 

criteria and the low bias in this research is 0.05V) 

ION at high drain bias Drain current when gate and drain are at the high bias. 
ION at low drain bias Drain current when gate is at high bias and drain is at low 

bias. 

IOFF at high drain bias Drain current at high drain bias when gate voltage is 0. 
IOFF at low drain bias Drain current at low drain bias when gate voltage is 0. 

DIBL The subtraction of high drain and low drain’s VTH 
 

The statistical compact model extraction is aimed at producing compact models that 

represent device behaviours under statistical variability and BTI-induced ageing, while 

also capturing the device figures of merit as well as the correlations between figures of 

merit within the device ensemble. In this work, statistical device simulations using 
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GARAND are performed in order to provide the target device data for the extraction of 

statistical compact models. 

 

The second stage extraction flow is shown in Fig.3.12. Parameters that are capable of 

capturing statistical variability and ageing effects are selected. These parameters can shift 

the corresponding compact model’s performance to fit the changed device performance 

due to statistical variability and ageing. The selected parameters are re-extracted from 

each device simulated by GARAND considering statistical variability and different levels 

of BTI-induced ageing. Since device performance varies due to the influence of 

statistical variability and ageing, each set of re-extracted parameters for each device 

varies from each other. These sets of parameter values are inserted into the uniform 

model extracted at stage one to substitute the same parameters’ values in the uniform 

model. In other words, only the re-extracted parameters are replaced in the uniform 

model, other parameters remain the same as in stage one. Each set of the re-extracted 

parameters from one simulated device produces one compact model. Thus, compact 

models are successfully extracted and form the lookup table models.  

 

 

 
Fig.3.12 Statistical compact model extraction (stage-two) flow. 

 

Since every model is formed by inserting several parameter values re-extracted from the 

simulated devices, the extracted models are limited by the number of devices in the 
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physical simulations. The limited number of compact models will result in subsampling 

in statistical circuit simulation (introduced in section 5.1). Therefore, very large 

ensembles of compact models (up to 6-sigma depending on the application) are required 

to be generated and used in the circuit simulation. “Model generating” means that new 

compact models are constructed rather than directly extracted from physical simulation. 

Since selected parameters are re-extracted and replace the same parameter value in the 

uniform model in stage two, it is reasonable to think of generating the new values that 

could follow the distribution of each re-extracted parameter and also present their 

correlations. Then, these newly generated values will be inserted into the uniform 

compact model in the same way as in stage two. Thus, the number of compact models 

that can be generated is unlimited.  

 

The compact model generation method emphasises the importance of the parameter 

selection at stage two. Essentially, selected parameters need to meet two requirements: 1) 

They can accurately present the influence of statistical variability and ageing for each 

device. 2) The number of selected parameters should be as small as possible for the 

simplicity of compact model extraction and generation. Since the influence of statistical 

variability and ageing on device performance is captured by the device figures of merit, 

parameters can be selected in the way that each parameter targets each individual figure 

of merit. From the previous research [87, 89-91] and with a deep understanding of 

BSIM4 parameters, seven parameters are selected for this study. They should be 

sufficient to represent the statistical variability and ageing effects on the transistor 

behaviours in this research. The parameters are VTH0, EAT0, VOFF, NFACTOR, UA, 

VSAT and CDSCD. The physical meanings behind these parameters are listed in Table 

3.4. 
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Table 3.4 Descriptions of the compact model parameters. 

Selected Parameter Description of the selected parameter 
VTH0 Low drain threshold voltage 

ETA0 DIBL 

VOFF Off current at low drain 

NFACTOR Low drain subthreshold slope 

UA Mobility 

VSAT On current at high drain  

CDSCD High drain subthreshold slope 

 

The extraction of the above parameters is performed against the IDVG curve of each 

simulated device under statistical variability and BTI-induced ageing. These selected 

parameters should capture the differences between uniform devices and devices under 

statistical variability and BTI-induced ageing. The selected parameter extraction flow is 

shown in Fig.3.13. VTH0 is the first re-extracted parameter. It can linearly shift threshold 

voltage in compact model at low drain voltage and therefore is used for capturing the 

change of VTH resulting from statistical variability and BTI-induced ageing at low drain 

voltage. ETA0 targets at DIBL. Therefore, when VTH0 is extracted, ETA0 can adjust the 

threshold voltage at high drain bias performance. VOFF captures the off-current and 

NFACTOR captures the subthreshold slope at low drain voltage. These two factors 

influence each other and are usually extracted together to ensure the accuracy of both 

parameters. UA is extracted to capture the variation in carrier mobility. VSAT calibrates 

the on current at high drain. CDSCD is the last extracted parameter and is used to adjust 

the subthreshold slope at high drain voltage.  
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Fig.3.13 Selected parameter extraction flow at stage-two. 

 

The results of this approach are presented in detail in Chapter 4. The accuracy of this 

approach is verified by comparing the extracted compact models against the physical 

simulation. This approach successfully transfers statistical variability and BTI-induced 

ageing from physical simulations to compact models, which will be presented in Chapter 

4.  

 

Compact model generation methodology is based on the analysis of the compact model 

extraction results, especially the parameters extracted at the second stage. Therefore, the 

compact model generation methodology (at the third step of the research flow) will be 

introduced in detail in Chapter 5 after analysing the extraction results in Chapter 4. 

 

 

 

 

 


