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ABSTRACT 

In underground construction and tunneling (UCT) works, geological and geotechnical 

uncertainty is often the most significant source of risk associated with a project. Unforeseen 

adverse geological/geotechnical conditions can lead to significant construction issues causing 

reduced tunnel advance rates and schedule delays, cost increases, damage to existing 

infrastructure, and/or damage to construction equipment. However, current practice falls short of 

reliably assessing spatial uncertainty in geological conditions and geotechnical parameters.    

This thesis addresses the spatial uncertainty encountered in UCT works, utilizing the site 

investigation data from several tunneling projects. The analysis of typical geotechnical site 

investigation data for tunneling projects demonstrates that there is often sufficient data to assess 

the spatial correlation structure, and that this structure can vary by engineering soil unit type. 

Therefore, an approach to modeling the spatial variability and uncertainty of geotechnical 

parameters, while jointly considering the geological variability and uncertainty, was developed. 

In addition, the levels of uncertainty in engineering soil unit classification and a 

representative geotechnical parameter, N1(60), encountered in three distinct UCT projects is 

assessed. These projects enable a broad assessment of different project scales, degrees of site 

investigation effort and geological conditions, and the corresponding uncertainties. The results of 

this analysis reveal that spatial uncertainty can differ significantly both within a project and 

across multiple projects. Furthermore, while a higher degree of site investigation effort leads to 

lower average uncertainty in the engineering soil unit estimation, the same is not necessarily the 

case for N1(60). The analysis also conveys that quantified uncertainty in geotechnical parameters 
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is influenced by other factors in addition to site investigation sample spacing including 

uncertainty in geological variability and measurement error.  

This thesis also presents a novel application of geostatistical simulation for risk 

assessment and mitigation planning for two frequent risks encountered during mechanized 

tunneling: clogging and cutter tool wear. The quantification of spatial uncertainty in geotechnical 

parameters enhances the risk assessment as the uncertainty in risk estimates can also be 

quantified spatially. The results of the proposed mitigation plans (water injection and cutter tool 

replacements) from the geostatistical model approach were found to be in strong agreement with 

the project data, validating both the methodology and the value of performing such detailed 

analysis for tunneling risks. 
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CHAPTER 1  

INTRODUCTION AND BACKGROUND 

In underground construction and tunneling (UCT) works, geological and geotechnical 

uncertainty is often the most significant risk associated with a project. Unforeseen adverse 

geological/geotechnical conditions can lead to significant risks including settlement, clogging, 

excessive cutter tool wear, large groundwater inflows and obstructions/anomalies such as 

boulders and lenses (Guglielmetti et al. 2007). These risks can in turn lead to reduced tunnel 

advance rates and schedule delays, cost increases, damage to existing infrastructure, or damage 

to construction equipment. Despite often extensive site investigation and testing in UCT projects 

(relative to other geotechnical projects) significant uncertainty in geological and geotechnical 

parameters remains. This is largely due to the inherent spatial variability of soil and rock 

characteristics that cannot be fully captured using univariate and multivariate analyses of site 

investigation data alone (Fenton and Griffiths 2008; Phoon and Kulhawy 1999). 

The fields of geostatistics and random field theory enable the spatial interpretation of data 

including geological and geotechnical conditions. A number of researchers have focused on the 

description and estimation of spatial variability, including Matheron (Matheron 1971), Chiles & 

Delfiner (Chilès and Delfiner 2012) and Deutsch & Journel (Deutsch and Journel 1998) in the 

field of geostatistics, and Vanmarcke (Vanmarcke 1983), Fenton & Griffiths (Fenton and 

Griffiths 2008) and Phoon & Ching (Phoon and Ching 2014) in the field of geotechnical 

engineering. In the literature, only a limited number of studies have applied geostatistical 

methods using site investigation data for characterizing spatial variability to UCT applications, 

including the spatial estimation of cone penetration tests (Huang et al. 2017), standard 
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penetration test (SPT) blow counts (Stavropoulou et al. 2010), borehole jacking test (Huber et al. 

2010), rock mass rating (Chen et al. 2017), elastic modulus (Ozturk and Simdi 2014) and boulder 

frequency (Felletti and Beretta 2009). While these studies demonstrate the added value of 

geostatistical analyses in UCT problems, they only utilize one subset of a wealth of data 

provided from typical site investigations of UCT projects in a localized region, and/or only 

examine the spatial variability at a single scale. Furthermore, the influence of spatial uncertainty 

is not addressed, nor are the parameter(s) simulated translated to risk. 

With respect to (and perhaps unique to) UCT works, different risks are associated with 

the spatial uncertainty of geological and geotechnical parameters at different scales. Considering 

the extensive site investigation typically undertaken for UCT projects, including dense borehole 

investigations in tunnel station areas and linear (albeit sparse) data along tunneling alignments, 

the efficacy of geostatistics for characterizing spatial soil variability is promising. Furthermore, 

little formal attention is given to the spatial uncertainty and its implications for predicted UCT 

construction performance and design. There is a need for a more extensive in-depth assessment 

of the applicability of geostatistical analyses with multiple data sources/types and projects at 

different scales, and for a better understanding of the typical spatial uncertainty encountered in 

UCT projects, including how this uncertainty varies across the project extent and translates to 

risk. 

This research addresses the spatial uncertainty encountered in UCT works, utilizing the 

full set of site investigation (SI) data. Specifically, SI data from several UCT projects are 

incorporated into geostatistical analysis to determine (a) at what scales we can assess the spatial 

variability; (b) the magnitudes of spatial uncertainty encountered with respect to geological 

conditions and site investigation effort; (c) how the spatial uncertainty translates to UCT risks; 
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and (d) how uncertainty may be reduced by incorporating additional information such as prior 

knowledge, multi-stage site investigations, tunnel boring machine (TBM) operating parameters 

and instrumentation and monitoring during construction. 

1.1 Common Geotechnical UCT Risks 

The main sources of risk associated with urban mechanized tunneling projects in soil (the 

focus of this thesis) are related to geological and geotechnical parameters (Guglielmetti et al. 

2007). These parameters directly influence the selection of TBM type (i.e., earth pressure 

balance vs. slurry), operating parameters and expected performance (e.g., advance rates). The 

primary UCT risks associated with soft ground TBM tunneling in urban areas, along with the 

corresponding geological and geotechnical parameters associated with each risk are presented 

herein.  

1.1.1 Ground Settlement 

In many urban areas, tunnel construction predominantly takes place in soft ground (i.e., 

material that cannot support itself when excavated). Support of the ground during excavation is 

provided by the application of support pressures at the face and around the annulus gap of the 

TBM, which ideally match the in-situ ground stresses to minimize deformation (Figure 1.1). 

Inadequate support of the ground during excavation can lead to settlement causing structure and 

utility damage, which can result in costly claims and project delays.  

The driving geological and geotechnical parameters that influence ground settlement in 

soft ground UCT are mixed face conditions, shear strength and stiffness. In the literature, a 

number analytical solutions for predicting greenfield ground surface settlements have been 
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Figure 1.1: Illustration of ground deformation mechanism due to tunneling (“Face Support 
Pressure and Its Importance” 2019). 

proposed, including volume loss (Peck 1969), the wedge stability model (Anagnostou and 

Kovari 1996; Jancsecz and Steiner 1994), and the Leca & Dormieux model (Leca and Dormieux 

1990). More recently, standard practice has shifted toward two and three-dimensional numerical 

modeling (Mooney et al. 2015). All of these methods generally rely on approximations of the 

geological and geotechnical conditions, using deterministic interpretations of the geology and 

assuming constant (homogenous) parameters within individual soil/rock layers.  

1.1.2 Clogging 

Adhesive soil exhibits a sticky behavior that can affect the performance of cutter tools 

and create a blockage in the cutterhead, excavation chamber and/or screw conveyor. To mitigate 

for this, a soil conditioning agent is injected into the soil to reduce its adhesion and improve 

workability. The design of the soil conditioning system (e.g. conditioning agent, injection ratio, 

etc.) is dependent on the type of ground conditions that are expected to be encountered. The 

clogging potential of a soil can be assessed using the diagram in Figure 1.2, and is a function of 

soil plastic and liquid limits as well as the water content. Accordingly, the clogging potential of 
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soil can be mitigated by increasing the soil water content. If the soil is not properly conditioned 

to prevent clogging, UCT construction performance may be hindered by reduced advance rates 

and/or loss of face support, requiring interventions and project delays.  

 

Figure 1.2: General classification diagram for the evaluation of clogging and liquid dispersing of 
soils (Thewes and Hollmann 2015). 

1.1.3 Cutter Tool Wear 

The cutterhead of a TBM is equipped with different cutting tools to excavate the ground. 

Over the duration of tunnel excavation, the cutter tools naturally wear and eventually must be 

replaced. The rate of cutter tool wear is primarily a function of soil abrasivity, which is related to 

the quartz content, grain size and shear strength of the soil (Köppl et al. 2015). Replacement of 

the cutter tools requires careful planning for interventions, which can be time consuming and 

dangerous. Misinformed planning for the replacement of the tools can result in reduced advance 

rates and significant project delays. It is therefore desired to have a good estimate of the expected 

rate of cutter tool wear, which requires a good understanding of the ground conditions over the 

tunnel alignment, including the presence of high gravel content, cobbles and boulders.  
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1.1.4 Excess Pore Pressure 

During tunneling, excess pore pressured in front of the TBM can develop, particularly in 

low permeability clay and fine sand. The excess pore pressures can lead to long-term 

consolidation settlement (Shen et al. 2014) as well as instability of the face support (Broere 

2002). Controlling the development of excess pore pressures during tunneling is critical for 

preventing ground settlement from exceeding allowable limits. In addition, the loss of face 

support can result in uncontrollable ground water and soil inflow into the TBM, resulting in 

significant project delays. A sound understanding of the permeability of soils along the tunnel 

alignment is essential for the estimation of the proper face support pressures to minimize the 

development of excess pore pressures while maintaining stability to prevent ground deformation.  

1.1.5 Anomalies/Obstructions/Transitions 

The presence of anomalies such as sand or clay lenses, obstructions such as boulders, and 

the transition between soil unit/lithological boundaries, including rock/soil, often require 

significant and rapid changes in the TBM operation to mitigate these risks (Zhao 2007). Changes 

in TBM mode, support pressures and advance speeds are often necessary to prevent the loss of 

ground support or minimize cutter tool wear as much as possible. Adequate mapping and 

planning for such conditions can help prevent such geological conditions from significantly 

impacting UCT construction. 

1.2 Current Practice in Risk Assessment 

The array of UCT risks related to geological and geotechnical conditions demands a 

sound understanding of the ground. In current practice, Geotechnical Baseline Reports (GBR) 

are developed for communication of ground conditions for use in bid preparation and evaluation 

of differing site conditions claims (Essex 2007). These conditions are derived from classical (i.e. 
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univariate/multivariate) statistical analysis and engineering interpretation from site 

investigations. However, the GBRs generally fail to communicate the uncertainties related to the 

geology, geotechnical parameters and risks in a quantitative manner (Hunt and Del Nero 2011). 

While uncertainties are not explicitly quantified in practice, they are often qualitatively 

communicated in recognition that these uncertainties exist. Geological models and cross sections 

often contain ‘?’ along boundaries between different geological and soil units, such as those in 

Figure 1.3. However, the degree of uncertainty in the boundaries is not explicitly conveyed.  

With respect to geotechnical parameters, baseline properties are often reported with mean 

values and ranges for different engineering soil units (ESU) such as those presented in Table 1.1. 

The reported properties are based on SI data and engineering interpretation, and are applied to 

the entire project site. While these baselines communicate some degree of uncertainty in the 

form of +/- ranges, they fall short of conveying the spatial variability and local uncertainty. 

Analysis of SI data, particularly for UCT projects in highly variable deposits such as glacial till, 

reveals that the spatial variability and local uncertainty can often differ significantly over the 

project site.  

1.3 Influence of Spatial Variability on UCT 

While spatial variability is not explicitly assessed in UCT practice, it is now well understood that 

spatial variability of geotechnical parameters has a significant influence on the reliability of 

geotechnical works including slope stability, bearing capacity, foundation settlement, and 

seepage (Fenton and Griffiths 2008). More recently, the effect of geotechnical spatial variability 

in UCT problems has been investigated, particularly with respect to ground settlement and TBM 

performance. 
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Figure 1.3: Example of a geological cross section reported in GBRs (Jacobs 2013). 

Table 1.1: Example of baseline geotechnical properties reported in GBRs (Jacobs 2013). 

 Effective Strength Parameters 

ESU 
Unit 

Weight 

(pcf) 

Effective 

Friction 

Angle, ϕ’ 
(deg) 

Cohesion 

Intercept, 

c’ (psf) 

Undrained 

Shear 

Strength, Su 

(psf) 

At-Rest 

Coefficient, 

K0 

Maximum 

Shear 

Modulus, 

Gmax (ksi) 

ENF 124 +/- 4 32 +/- 4 0 N/A 0.4-0.6 10 +/- 5 

RGD 124 +/- 4 32 +/- 4 0 N/A 0.4-0.6 20 +/- 10 

RCS 120 +/- 5 30 +/- 3 100 +/- 50 600 +/- 300 0.4-0.6 20 +/- 10 

CCS 125 +/- 5 33 +/- 4 270 +/- 35 7000 +/- 2000 0.8-1.5 55 +/- 20 

CSF 125 +/- 5 37 +/- 4 0 N/A 0.6-1.0 55 +/- 20 

CSG 128 +/- 5 39 +/- 4 0 N/A 0.6-1.0 75 +/- 30 

TLD 128 +/- 6 39 +/- 4 0 N/A 0.6-1.5 100 +/- 40 
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1.3.1 Ground Settlement 

Generally, the most significant risk, particularly in urban areas, is ground deformation. 

This has led to a number of researchers studying the effects of spatial variability on ground 

settlement behavior. Mollon et al. (2011) analyzed the face stability of a tunnel considering the 

spatial variability of soil shear strength and found that local weakness can have significant effect 

on the stability of the face. Gonnouni et al. (2005) examined the influence of the uncertainty in 

the soil stratigraphy on calculated settlements. Huang et al. (2015) demonstrated that the 

longitudinal differential settlement is significantly affected by the spatial variation of the 

subgrade reaction coefficient. Huang et al. (2017) examined the influence a of spatially variable 

Young’s modulus in the transverse direction on tunnel convergence and demonstrated that 

ignoring the spatial variability can lead to an underestimate of the tunnel convergence. Gong et 

al. (2018) demonstrated the variation of tunnel performance (measured by structural safety and 

maximum convergence) along the longitudinal direction considering the spatial variability in the 

soil Mohr Coulomb and stiffness parameters.  

The aforementioned studies are primarily parametric analyses only considering the spatial 

variability in two dimensions. Furthermore, the study area is relatively localized (up to 200 m) 

and thus, the spatial variability is only assessed at the local scale. For a project-wide assessment 

of ground deformation risks, innovative and computationally efficient methods are needed. This 

is particularly true for Monte Carlo numerical modeling techniques where computational 

expense is high. Furthermore, the connection between spatial uncertainty and ground 

deformation risks has not been directly addressed.  
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1.3.2 TBM Performance 

The influence of spatial variability in geological and geotechnical parameters on UCT 

risks aside from ground deformation have been notably less studied. It is believed that no 

published studies have examined the influence of geological and geotechnical parameters on 

UCT construction performance related to several of the risks outlined in Section 2.1, most 

notably clogging potential and cutter tool wear. A few studies have touched on variability in 

TBM advance rate and demonstrated how geostatistics can be used to predict advance rate 

(Ozturk and Simdi 2014; Stavropoulou et al. 2010).  

Other studies have assessed the variability and uncertainty in parameters related to TBM 

performance including the presence of boulders (Felletti and Beretta 2009) and lithological 

boundaries (Wang et al. 2016). However, these studies stop short of tying the results of the 

analysis to UCT construction performance. Examining the connection between results of 

geostatistical analysis and UCT construction is of significant importance, particularly for applied 

research. The need exists to expand the spatial variability analysis to variations in UCT 

construction design and risk assessment.  

1.4 Characterizing Spatial Variability 

Geotechnical spatial variability is a result of different processes by which soils and rocks 

were deposited (Baecher and Christian 2005). Depending on the method of deposition, physical 

and engineering properties will vary in space within the deposit to different degrees. As 

illustrated in Figure 1.4, spatial variability of soils and rock occurs at multiple scales (Huber 

2013). It is important to consider the scale at which the spatial variability can be inferred and is 

modeled, recognizing that different risk assessments in UCT will require interpretation at 

different scales. For example, clogging potential may be assessed using the entire project extent 
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(geological-geotechnical scale) for the simulation, whereas ground deformation will entail a 

much more localized analysis (geotechnical-specimen scale).  

 

Figure 1.4: Illustration of the multi-scale nature of soil variability (Huber 2013). 

 Spatial variability can be mathematically described in a general way using random 

variables and random functions. Random variables, Z, are independent variables that can take a 

range of possible outcomes, each with a certain probability of occurrence. Random functions, 𝑍(𝒖), describe the joint spatial distribution of several random variables. The simplest way of 

describing spatial variability is with the multi-Gaussian approach, which is a random process or 

field that can be described by a mean value, µ , a standard deviation, σ, and a covariance function, 𝐶 (Chilès and Delfiner 2012). The covariance function is a measure of correlation between pairs 

of a random variables 𝑍(𝒖) separated by distance 𝒉 (equation 1.1), where 𝐸 denotes the 

expectation.  𝐶(𝒉) = 𝐸[(𝑍(𝒖) − 𝐸[𝑍(𝒖)])(𝑍(𝒖 + 𝒉) − 𝐸[𝑍(𝒖)])]   (1.1) 
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This description of spatial variability requires that the data be stationary, satisfying the 

following: (a) the mean is constant as a function of position; (b) the variance is constant; (c) 

there are no seasonal or irregular fluctuations. However, the assumption with respect to the 

constant mean can often be relaxed, as discussed in the following section. 

1.4.1 Quantifying Spatial Variability of Geotechnical Parameters 

Estimating the spatial correlation/variability of geotechnical parameters using field (site 

investigation/borehole) data has increasingly gained attention in the literature, particularly for 

specific tests/parameters including SPT, cone penetration test, pressuremeter and soil type 

(Fenton 1999; Firouzianbandpey et al. 2015; Huber et al. 2010, 2015; Nasseh et al. 2017; Ozturk 

and Simdi 2014; Samui and Sitharam 2010; Wang et al. 2017; Zhu and Zhang 2013). There have 

also been a number of contributions in the spatial characterization of rock parameters including 

unconfined compression strength, rock mass rating and rock quality designation (Feng and 

Jimenez 2014; Li et al. 2015; Pishbin et al. 2016; Sebacher et al. 2017; Stavropoulou et al. 2007). 

There are generally two common approaches for estimating the spatial correlation of 

continuous geotechnical parameters; one uses an autocorrelation function from random field 

theory and time series analysis and the other uses the semivariance function from geostatistics. 

These functions are related and are based on comprehensive population sampling. Other methods 

include local average theory and the maximum likelihood method (Caers 2011).  

The empirical variogram (or semivariogram) describes the semivariance, 𝛾(ℎ), of a 

random function, 𝑧(𝑢) (Matheron 1971). In other words, it provides a description of how data 

are correlated with distance by calculating half the average square difference between points 

separated by distance ℎ: 

𝛾(ℎ) =  
12𝑁(ℎ) ∑ [𝑧(𝑢) − 𝑧(𝑢 + ℎ)]𝑁(ℎ) 2

    (1.2) 
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where 𝑁(ℎ) is the number of distinct pairs separated by ℎ, and 𝑧(𝑢) and 𝑧(𝑢 + ℎ) are data 

values at spatial locations of distance ℎ apart. Note that for irregularly spaced sampling, as is 

nearly always the case with UCT site investigation data, the distances between pairs are binned 

into lag separation distances (ℎ) for the calculation of the semivariance. When considering 

direction in addition to distance, ℎ is represented as a vector 𝐡, having both magnitude and 

direction.  

An advantage of the variogram approach is that it does not require the mean of the 

random function 𝑍(𝒖) to be known, since it is eliminated when taking the squared difference in 

equation (1.2). However, the variogram describes the spatial dependence as an integral of the 

entire distribution of parameter values, including ‘extreme’ values. Furthermore, the decision for 

the lag distance spacing can influence the scale of inference of the spatial structure. While larger 

lag distance spacings allow for more data pairs for variogram estimation, they also increase the 

scale at which the spatial correlation is inferred.  

The components of the variogram consist of the nugget, sill and correlation length, also 

known as range (Figure 1.5). The nugget represents microscale variability and measurement 

error. The sill represents the global variability in the direction of vector 𝐡. The correlation length 

(range), 𝜃, represents the distance at which the data are no longer spatially correlated. It is related 

to the scale of fluctuation, 𝛿, another commonly used measure of correlation (see Table 1.2).  

The empirical variogram and autocorrelation functions are directly related by: 𝛾(ℎ) = 𝑣𝑎𝑟(𝑍(𝑋))(1 − 𝜌(ℎ))     (1.3) 

where 𝜌(ℎ) is the autocorrelation function defined as: 𝜌(ℎ) = 𝐸(𝑍(𝑋),𝑍(𝑋+ℎ))𝑣𝑎𝑟(𝑍(𝑋)        (1.4) 
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The relationship between the covariance, autocorrelation and semivariance functions can be 

visualized in Figure 1.6. 

 

Figure 1.5: Components of the Variogram. 

Table 1.2: Relationship between scale of fluctuation 𝛿 and the correlation length 𝜃 for various 
autocorrelation functions (Vanmarcke, 1983). 

Autocorrelation function 𝛿 𝜃/ 𝛿 𝜌(𝜏) = {1 − |𝜏|/𝑎  𝑓𝑜𝑟 |𝜏| < 𝑎0  𝑓𝑜𝑟 |𝜏| ≥ 𝑎 bilinear model 𝑎 1 𝜌(𝜏) = 𝑒−|𝜏|/𝑏 Markov model 2𝑏 1/2 𝜌(𝜏) = 𝑒−(|𝜏|/𝑐)2
 Gaussian model √𝜋𝑐 1/√𝜋 

 

There are some advantages to the semivariogram function over the autocorrelation 

function approach. The requirement of the stationarity is stricter for the autocorrelation function 

because it requires knowing the mean of the property (which must be stationary). The variogram 

does not require knowing the mean and, furthermore, automatically filters out the influence of a 

spatially varying mean. This allows for a weak second-order stationary assumption (i.e. the mean 

can vary spatially while the variance is constant). Incorrect interpolations can result when using 

the sample autocorrelation function and the mean is not known (Chilès and Delfiner 2012). 
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Furthermore, the variogram can be defined in some cases where the covariance function cannot 

(e.g., when the variogram continuously increases to an infinite global variance (Bohling 2005b)). 

An advantage of the autocorrelation function approach is Bartlett’s limit allows for the 

estimation of the range (or scale of fluctuation) without the need to fit a model. The covariance 

and autocorrelation functions both measure the similarity of the data separated by a distance 

while the semivariance is a measure of dissimilarity, which is arguably more analogous with 

uncertainty. Given the advantages of the semivariance considering the nature of UCT site 

investigation, this research will utilize the variogram approach. 

 

Figure 1.6: Comparison of the covariance, autocorrelation (correlation) and variogram 
(semivariance) of a data set (Bohling 2005a). 

For the geostatistical simulation or interpolation of the random variables, a positive 

definite model is required and, therefore, such models are fit to the calculated empirical 

variograms. There are a number of theoretical functions presented in standard geostatistical 
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textbooks used to model the variogram including the pure nugget (i.e., no spatial correlation, 

equation 1.5), spherical variogram (equation 1.6), exponential variogram (equation 1.7), and 

Gaussian variogram (equation 1.8). Other models include the cubic, generalized Cauchy, 

Matern, among others, including variograms without a sill such as logarithmic (Caers 2011; 

Chilès and Delfiner 2012; Pyrcz and Deutsch 2014; Webster and Oliver 2008).  

𝛾(ℎ) = { 0𝐶𝑐0 𝑓𝑜𝑟 𝒉=0𝑓𝑜𝑟 𝒉>0      (1.5) 

𝛾(ℎ) = 𝑐0 + (𝑐 − 𝑐0) [3ℎ2𝑎 − ℎ32𝑎3]     (1.6) 

𝛾(ℎ) = 𝐶𝑐0 + (𝑐 − 𝑐0) [1 − 𝑒(−3ℎ𝑎 )]     (1.7) 

𝛾(ℎ) = 𝑐0 + (𝑐 − 𝑐0) [1 − 𝑒(−3ℎ2𝑎2 )]     (1.8) 

In equations (1.5) – (1.8), 𝑐0 is the nugget, 𝑐 is the sill, ℎ is the lag distance and 𝑎 is the effective 

(or practical) range, defined as the distance at which the semivariance value reaches 95% of the 

sill.  

Fitting a model variogram to experimental data can often be challenging, particularly 

where there are few data points in the empirical variogram or if no clear model structure exists. 

There are a number of least-square and maximum likelihood methods to auto fit a model that 

have become standard practice in variogram fitting (Oliver and Webster 2014). Model 

variograms can also account for complex features of the spatial structure such as geometric and 

zonal anisotropy, hole effect and variance at different scales using nested structures or fractals.  

Geostatistical simulations frequently rely on the assumption that the data to be simulated 

has a standard Gaussian distribution (e.g., Gaussian random field). As geotechnical data often 

follows a lognormal or other type of non-Gaussian distribution, it is necessary to transform the 

data prior to computing the variogram and performing the simulation (the data is back-
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transformed to the original data space after the simulation). This can be achieved through the 

normal score transformation where the rank-preserving quantiles of the original data are 

matched to the quantiles of the target (standard Gaussian) distribution. An example of this 

transformation is illustrated in Figure 1.7 and Figure 1.8. The non-normal distribution of the 

geotechnical parameter N1(60), a corrected blow count number from the SPT, is transformed to a 

normal distribution with a mean of 0 and variance of 1. It can be observed that the sill of the 

variogram for the transformed data Figure 1.8 (b) is equal to 1.0 (i.e., the variance of the 

transformed data). 

 

Figure 1.7: Histograms of the original (a) and normal score transformed (b) data. 

1.4.2 Quantifying Spatial Variability of Geological Parameters 

While geotechnical parameters are generally continuous, it may be desired to model the spatial 

correlation of categorical data (e.g. soil type, boulder presence), or thresholds of continuous data 

(e.g. N1(60) > 50). Two common approaches to characterize the spatial variability of categorical 

parameters include indicator variograms and transition probabilities. For indicator 
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Figure 1.8: Variogram of the original (a) and normal score transformed (b) data. 

variograms, a binary indicator function 𝐼(𝑢) takes a value of 0 or 1 depending on whether the 

condition at location 𝑢 exists (equation 1.9). The indicators 𝐼(𝑢) replace 𝑍(𝑢) and 𝑍(𝑢 + ℎ) in 

the semivariogram equation (equation 1.2). 

𝐼(𝑢) = {1, 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑜𝑐𝑐𝑢𝑟𝑠 𝑎𝑡 𝑢0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒      (1.9) 

Another approach to estimating and modeling the spatial variability of categorical data is 

transition probability geostatistics (Carle 1999; Carle and Fogg 1996, 1997). This approach uses 

transition probability matrices (transiograms) rather than variograms to represent the spatial 

structure in terms of transition probabilities. The transition probability 𝑡𝑖,𝑘 from a category (e.g. 

soil type) 𝑖 to another category 𝑘 is defined in terms of the conditional probability: 𝑡𝑖,𝑘(ℎ) = 𝑃𝑟{𝑘(𝑢 + ℎ)|𝑖(𝑢)}     (1.10) 

This can be viewed as a Markovian approach, where the occurrence of category 𝑘 at location 𝑢 +ℎ is only dependent on the occurrence of category 𝑖 at location 𝑢. This is directly related to the 

indicator variogram as discussed in (Carle and Fogg 1996). An example of a transiogram matrix 

for three classes of soil types is presented in Figure 1.9. 
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Figure 1.9: Empirical and theoretical (model) transiograms (taken from (Sartore et al. 2016)). 

From the transition probabilities observed in the data, three-dimensional continuous-lag 

Markov Chain models can be estimated. These models also incorporate information related to 

volumetric fraction, mean length and thickness for each category, and juxtaposition (cross-

correlation) information, which indicator variograms do not. As a result, this approach has 

gained popularity in facies (e.g., soil type) modeling and has been demonstrated to produce 

realistic results (dell’Arciprete et al. 2012). Incorporating the cross-correlation information is 

ideal for producing realistic realizations, and has been considered tedious and impractical in the 

indicator variogram approach (Deutsch and Journel 1998).  

1.5 Modeling Spatial Uncertainty 

Uncertainty in geotechnical engineering can broadly be categorized into three types 

(Baecher and Christian 2005):  
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 Aleatoric – the inherent uncertainty due to the natural variability/randomness of 

geotechnical conditions due to the geological processes. 

 Epistemic – model and measurement uncertainty related to the lack of complete 

knowledge in the geotechnical conditions. 

 Model uncertainty – uncertainty associated with generalized assumptions in applied 

engineering models.  

A valuable outcome of geostatistical analyses is the assessment of spatial uncertainty, which 

quantifies both aleatoric and epistemic uncertainties.  

Given the generally sparse sampling relative to the extent of the project area in UCT 

works, there is a need to both spatially estimate geological and geotechnical parameters between 

samples and assess the uncertainty in the spatial estimates. This section provides an overview of 

geostatistical interpolation and simulation methods for spatial estimation and uncertainty 

assessment. 

1.5.1 Kriging 

Kriging is the most widely used interpolation estimator in geostatistics and has a number 

of advantages over other interpolation methods including: (a) it can reduce the bias effects of 

data clustering by assigning the points in clusters less weight than isolated points; (b) in addition 

to the variable estimate, it gives an estimation error (kriging variance) that provides the basis for 

stochastic simulation (Caers 2011; Pyrcz and Deutsch 2014). 

There are several kriging estimators, which are all variants of the linear regression 

estimator, Z*(u), defined as: 𝑍∗(𝑢) − 𝑚(𝑢) = ∑ 𝜆𝛼[𝑍(𝑢𝛼) − 𝑚(𝑢𝑎)]𝑛(𝑢)𝛼=1     (1.11) 

The weights, 𝜆𝛼, are chosen such the variance of the estimator (equation 1.11) is minimized: 
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𝜎𝐸2(𝑢) = 𝑉𝑎𝑟{𝑍∗(𝑢) − 𝑍(𝑢)}     (1.12) 

The random field, 𝑍(𝑢), is decomposed into two components, residual and trend, 𝑍(𝑢) =𝑅(𝑢) + 𝑚(𝑢). The residual component is treated as a random field with a stationary mean of 0 

and a stationary covariance (as a function of lag distance): 𝐸{𝑅(𝑢)} = 0      (1.13) 𝐶𝑜𝑣{𝑅(𝑢), 𝑅(𝑢 + ℎ)} = 𝐸{𝑅(𝑢) ∙ 𝑅(𝑢 + ℎ)} = 𝐶𝑅(ℎ)  (1.14) 

The residual component is represented by the model variogram by:  𝐶𝑅(ℎ) = 𝐶𝑅(0) − 𝛾(ℎ) = 𝑆𝑖𝑙𝑙 − 𝛾(ℎ)    (1.15) 

The three main variations of kriging are simple, ordinary, and kriging with a trend. These 

variants differ in how the trend component 𝑚(𝑢) is treated. In simple kriging the mean is 

assumed to be constant and known over the entire domain. In ordinary kriging the mean is 

assumed constant in the local neighborhood of each estimation point. Kriging with a trend (also 

known as universal kriging) is similar to ordinary kriging with the difference being that a linear 

or higher-order trend with the data locations (coordinates) is fit as opposed to just a local mean. 

The mathematical functions for these variants, and others, are discussed in (Chilès and Delfiner 

2012). Kriging, along with nearly all other interpolation algorithms, will underestimate high 

values and overestimate low values (as a result of averaging). This is why sequential (or 

stochastic) methods are preferred, as they more accurately reproduce the heterogeneity of soils. 

1.5.2 Conditional Sequential (Stochastic) Simulation 

There are a number of algorithms for performing stochastic simulations including LU 

decomposition, turning bands, truncated and Pluri-Gaussian simulation, spectral, fractals, 

moving averages and simulated annealing. The most common approach, particularly in oil and 

gas reservoir modeling applications, is sequential Gaussian and indicator simulation (SGS, SIS) 



22 
 

and is the approach adopted in this research (Pyrcz and Deutsch 2014). The SGS/SIS algorithm 

operates as follows: 

a) Transform the original 𝑍 data to a standard normal distribution. Note, the empirical and 

model variograms used for the simulation are based on the normal transformed data. 

b) Go to a random location (random walk) and perform kriging to obtain the kriged estimate 

and the corresponding kriging variance (equations 1.11 and 1.12). 

c) Draw a random residual, 𝑅(𝑢), which follows a normal distribution with a mean of 0 and 

a variance equal to the kriging variance 𝜎𝐸2(𝑢). 

d) Sum the kriged estimate and the residual to get the simulated value: 𝑍𝑠(𝑢) = 𝑍∗(𝑢) + 𝑅(𝑢)    (1.16) 

e) Add the simulated value to the set of conditioning data. Previously simulated values are 

considered as conditioning data so that the covariance between all simulated values is 

reproduced. This is a key idea of sequential simulation. 

f) All simulated locations are visited in a random order. 

g) Back transform the data once the model is populated. 

h) Repeat with different random number seeds (different random path and residuals for each 

simulated location/node) to create a desired number of realizations. Each realization is 

‘equally likely to be drawn’ and often called equiprobable.  

Figure 1.10 illustrates seven realizations from SGS of the depth to a bedrock surface. The site 

investigation borehole records were used for the variogram modeling and conditioning data in 

the simulation. The spatial correlation of each realization matches the input variogram; high and 

low values are grouped together. The set of realizations can be used to assess the spatial 

uncertainty by examining the variance of all realizations at each simulation node. 
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Figure 1.10: Several example realizations from the sequential Gaussian simulation. 

The reason the conditioning data is generally transformed to a standard normal 

distribution prior to the simulation, as discussed in section 1.4.1, has to do with the fact that any 

other distribution does not lead to a correct global distribution of the simulated values (Pyrcz and 

Deutsch 2014). While the mean and variance may be correct, the ‘shape’ of the distribution will 

not match that of the original (conditioning) data. This can be overcome by working in a 

Gaussian space. Furthermore, in the central limit theorem the sequential addition of random 

residuals to obtain simulated values leads to a Gaussian distribution. On the other hand, the 

mathematical simplicity of the Gaussian technique results in maximum spatial disorder beyond 

the imposed variogram correlation. Consequently, an SGS realization may have less spatial 

structure than the real subsurface.  

Similar to SGS is the sequential indicator simulation (SIS), which is applied when 

indicator variograms or transition probabilities are used to characterize the spatial structure. 

Generally, SIS treats indicator variograms independently from each other, which can result in an 

unrealistic independence between the occurrences of different categories (i.e., soil types). In the 

transition probability approach, the conditional simulation follows a two-step procedure. The 

initial step generates a preliminary configuration based on SIS, and a successive optimization 
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step based on the simulated quenching algorithm improves the agreement between measured and 

modelled transition probabilities (Carle 1999). 

1.5.3 Model Post-Processing 

Individual realizations of the sequential simulation are considered to be statistically 

possible (equiprobable) models of the true geological and geotechnical conditions. Therefore, 

risk assessments should be based on the individual realizations rather than pointwise summaries 

(e.g., mean) of the realizations. However, it may be useful at times to visualize models that 

summarize the pointwise statistics from the individual realizations.  

For continuous parameters, the expected value at each location can be estimated by 

simply taking the average or median of all realizations at the respective location. The pointwise 

average of all realizations will closely resemble the kriging estimate (without the random 

residual) since, according to the SGS algorithm, an average of infinite simulations will converge 

to the kriging estimate. It may also be appropriate to use more robust statistical summaries such 

as the median, which is less influenced by extreme values. This is particularly the case for when 

the distribution of realizations at each location is not normally distributed.  

Another potentially valuable pointwise summary model of continuous parameters is the 

probability of the parameter falling above or below a certain threshold. These models can be 

useful in risk assessments where geotechnical parameter thresholds identify the risk from a 

practical perspective.  

For categorical parameters, the expected category at each location can be determined as 

the category with the maximum number of occurrences at the respective location from all the 

realizations. This can be considered the ‘most-probable’ realization at each location. 

Alternatively, the proportion of each category at each location from all the realizations can be 
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used to estimate the probability of each unique category to exist locally. This later summary 

model can be useful in risk assessments where the risks are governed by the presences of certain 

soil types.  

1.5.4 Quantifying Spatial Uncertainty 

Uncertainty can be quantified/presented in a number of formats relating to the spread or 

dispersion of simulated values at any one location (Caers 2011; Pyrcz and Deutsch 2014). 

Among these include absolute and relative uncertainty. Absolute uncertainty is a measure of +/- 

range (e.g., standard deviation, 𝜎). Relative uncertainty is the absolute uncertainty normalized by 

the mean (e.g., coefficient of variation, COV), which normalizes uncertainty measures when the 

uncertainty scales with the predicted value. If the distribution of realizations at locations are not 

normally distributed, it may be more appropriate to use more robust statistical measures of 

uncertainty such as median absolute deviation, MAD, inter quartile range, IQR, or some other 

percentile range for absolute measures, or the coefficient of median absolute deviation for 

relative measures. 

For uncertainty quantification/representation of categorical parameters, probability of 

misclassification and information entropy are useful formats. Misclassification is expressed as 

the probability of one category being misclassified as another, which can be an attractive format 

for certain types of risk assessment. The concept of information entropy (Shannon 1948) has 

been applied previously as a measure of uncertainty for geological models (Bianchi et al. 2015; 

dell’Arciprete et al. 2012). The normalized information entropy is a relative measure of ‘missing 

information’ i.e., the amount of information required for a complete probabilistic description of 

the system. 
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The appropriate uncertainty format cannot be universal and is highly case-specific (Pyrcz 

and Deutsch 2014). It is often useful to examine different formats of uncertainty simultaneously 

to develop a sense for both the uncertainty in a geotechnical parameter itself, as well as the local 

uncertainty relative to other regions of the study area. To illustrate, Figure 1.11 presents four 

different representations of uncertainty in a continuous geotechnical parameter (N1(60)). It can be 

observed that both the magnitudes and spatial extent of the uncertainty will differ for different 

uncertainty formats. The difference in spatial extent is particularly the case for COV, a relative 

uncertainty measure, compared to the absolute uncertainty measures (𝜎, MAD, IQR).  

In addition, it is important to consider the scale of the uncertainty model; as modeling 

scale increases, local variance and uncertainty decrease. The scale is generally dependent on the 

data locations and the type of problem being analyzed (e.g., ground deformation vs. clogging 

potential). Furthermore, uncertainty is obviously model-dependent, and minor changes in the 

model can significantly influence the uncertainty outcome. The model parameters, however, can 

affect distributions of uncertainty in a non-intuitive and non-transparent manner. The inference 

of the histogram and back transformation approach of the simulated data can also have 

significant effects on the uncertainty model (Pyrcz and Deutsch 2014). 

1.5.5 Risk Quantification 

In the classical definition, risk is defined as the product of the probability of 

failure/occurrence and the resulting consequence. Estimating the probability of 

failure/occurrence (or likelihood and reliability) is a major motive for applying probability theory 

in geotechnical engineering (Huber 2013). In the context of this thesis, ‘failure’ refers to the 

occurrence of risks outlined in Section 1.1 such as exceedance of an allowable ground surface 



27 
 

 

Figure 1.11: Example of four different formats of spatial uncertainty: (a) standard deviation, (b) 
median absolute deviation, (c) coefficient of variation, (d) inter quartile range. 

deformation, clogging of the cutterhead, etc. In UCT, the consequence is always known and 

generally remains constant at any location along the tunnel alignment. It is the probability of 

failure that is often highly unknown and can be significantly influenced by spatial variability and 

uncertainty in geotechnical conditions. Therefore, the quantification of ‘risk’ in this thesis is 

synonymous with probability of failure. Since the probability of failure is typically inferred from 

a distribution of possible outcomes, the uncertainty in geological and geotechnical parameters 

derived from the geostatistical simulations ties directly to the estimated probability of failure, or 

risk, and is the focus of this research.  
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The classification of ‘failure’ will vary depending on the risk. For ground deformation, 

failure corresponds to ground settlement exceeding allowable thresholds. For clogging, the 

classification of failure may vary depending on whether partial clogging of the cutterhead or full 

stoppage of the TBM is considered failure. For cutter tool wear, this failure may defined as loss 

of production rates, unplanned interventions and/or exceeding the estimated budget of tool 

replacements.  

To quantify risks according to the geostatistical analyses, individual realizations of the 

simulated geotechnical parameters will often need to be transformed to parameters that directly 

relate to the risk. For example, shear strength and stiffness parameters are common geotechnical 

properties used for the assessment of ground deformation risks (particularly in numerical 

modeling). However, typical UCT site investigation does not provide measurements of these 

parameters directly but, rather, are inferred from SPT blow counts, which are generally 

extensively reported. Therefore, one must simulate the SPT blow counts and then transform the 

results to relevant geotechnical parameters for the risk analysis.  Table 1.3 provides examples of 

the simulated and transformed geotechnical parameters for ground deformation, clogging and 

cutter tool wear risks.  

1.6 Risk Mapping 

To date, much emphasis on spatial variability in geotechnical engineering has focused on 

the micro-to-meso scale of variability. However, UCT project sites cover a much larger area than 

the meso scale. While there is most certainly a need to assess micro and meso scale variabilities 

in key areas of the project site for UCT works, there is also a need for assessing the variability 

and uncertainty on a macro scale, particularly for the development of site-wide risk maps.  
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Table 1.3: Examples of parameter transformation for risk assessment. 

Risk/Hazard 

Simulated 

Geotechnical 

Parameters 

Transformed 

Geotechnical 

Parameters Notes 

Ground 

Deformation 
SPT (N1(60)) 

friction angle, shear 

strength, modulus, 

relative density 

Typically assessed in a numerical 

modeling environment. Mechanical 

parameters of the soil model can be 

imported from the geostatistical 

simulations. 

Clogging 

Liquid limit, plastic 

limit, water 

content 

consistency index 

Clogging potential of soil is related to the 

consistency index. However, for 

mitigation (conditioning) measures, the 

three input geotechnical parameters are 

needed. 

Cutter Tool 

Wear 

SPT (N1(60)), grain 

size distribution 

(D60) 

soil abrasivity index 

(SAI), shear strength 

parameters 

Quartz content is also a parameter that 

contributes to SAI, but generally has 

insufficient data to model in 

geostatistical environment. 

  
The concept of site and city-wide risk maps from geostatistical analyses has recently 

gained momentum in the technical literature. These include maps of expected boulder frequency 

along a proposed tunnel alignment (Felletti and Beretta 2009), cone penetration test data for 

regional liquefaction evaluation (Lenz and Baise 2007; Wang et al. 2017), and bearing capacity 

and shallow foundation suitability on a city scale using SPT data (Altun et al. 2013; Nasseh et al. 

2017). Marache et al. (2009) used both statistical and geostatistical methods for geotechnical 

modeling at the city scale. 

Other studies have extended the development of large-scale risk maps to incorporate 

numerical modeling simulations. For example, Huber et al. (2015) combined geostatistical 

simulations and finite element modeling with fragility curves to derive the ultimate load over a 

site based on a criterion of differential settlements. Sundell et al. (2017) combined geostatistical 

simulations with a subsidence model to map the risk of groundwater-drawdown-induced land 

subsidence over large areas. The uncertainty in hydraulic heads and groundwater flux 
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simulations due to soil heterogeneity was assessed by Bianchi et al. (2015) by combining 

geostatistical and groundwater flow simulations.  

Risk maps are a valuable tool for communication to stakeholders, decision support for 

prioritization of risk mitigation measures, and identification of additional site investigation and 

monitoring needs (Sundell et al. 2017). While some of the mentioned studies assess the effect of 

uncertainty on the prediction of engineering performance (e.g., Bianchi et al. 2015; Felletti and 

Beretta 2009), others simply report the most probable geotechnical value or engineering 

performance. Identification and communication of uncertainty, such as the likelihood for 

misclassification, should be a key aspect of these risk maps to connect uncertainty to 

performance/risk prediction and assessment. Another key aspect is the range of spatial scales at 

which spatial variability impacts performance and risk. Wang et al. (2017) incorporated multiple 

scales of variability in cone penetration tests for the assessment of liquefaction potential. The 

assessment of spatial variability and uncertainty at different scales should be performed for UCT 

problems, since different performance and risk metrics are influenced by different scales of 

variability. 

1.7 Research Objectives 

Considering the extensive site investigation typically undertaken for UCT projects, 

including dense borehole investigations in tunnel station areas and linear (albeit sparse) data 

along tunneling alignments, the efficacy of geostatistics for characterizing spatial soil variability 

is promising. However, there is a need for a more in-depth assessment of the applicability of 

geostatistical analyses with multiple data sources/types and projects, and for a better 

understanding of the typical spatial uncertainty encountered in UCT projects, including how this 

uncertainty varies across the project extent. Furthermore, little formal attention has been given to 
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the implications of spatial uncertainty for predicted UCT construction performance and risk 

assessment. To address these needs, four research objectives were pursued and are addressed in 

this thesis: 

1. Develop a methodology for modeling the spatial variability and uncertainty in 

geotechnical parameters for UCT projects, taking into consideration geological variability 

and uncertainty.   

2. Assess the levels of spatial uncertainty in geotechnical conditions encountered in UCT 

works and examine the influence of project scales, the degree of site investigation effort, 

and geological environments on spatial uncertainty.  

3. Present a novel application of geostatistical simulation to characterize the impact that 

spatial uncertainty has on the estimation of UCT construction performance/risk aspects 

including tunneling-induced deformation, TBM clogging, cutter tool wear and soil/rock 

unit boundaries. Develop risk maps to serve as tools for risk assessment and mitigation 

planning, incorporating both probability/likelihood for individual risks and the 

corresponding uncertainty. 

4. Demonstrate how other data sources including historical site investigations, ground 

deformation monitoring and TBM performance parameters can be used to complement 

the risk assessments quantified from the geostatistical analyses. 

The general workflow for the geostatistical analysis undertaken to address these research 

objectives is presented in Figure 1.12. This workflow was developed through extensive literature 

review and experience gained throughout the research presented herein. Each step in the analysis 

requires examining several key components, as discussed throughout this thesis.  
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Figure 1.12: General workflow of the geostatistical analysis to address the research objectives. 
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The remaining chapters of this thesis are organized in the following parts: 

Chapter 2: This chapter is a prepared manuscript for the submission to a journal on the global 

versus local simulation of geotechnical parameters. A geostatistical method is developed to 

incorporate geological variability and uncertainty into the geotechnical parameter simulation 

process. Using data from the Northgate Link Tunnels project in Seattle, WA, this paper 

demonstrates how several key geotechnical parameters pertaining to UCT risks can be modeled 

in a geostatistical framework to assess both the variability and uncertainty in these parameters 

spatially. 

Chapter 3: The general levels of geological and geotechnical parameter uncertainty encountered 

in UCT works is assessed in this prepared journal manuscript. Using site investigation data from 

three projects, the influence of project scales, the degree of site investigation effort, and 

geological environments on spatial uncertainty is examined. This paper demonstrates that spatial 

uncertainty can differ both within a single project and across multiple projects, and that a number 

of factors can contribute to the quantified spatial uncertainty. 

Chapter 4: The results of the geostatistical analysis of geological and geotechnical parameters 

are extended to two frequent risks associated with UCT: clogging and cutter tool wear. This 

prepared journal manuscript highlights the value of performing geostatistical analysis on UCT 

site investigation data, and demonstrates how risk maps developed from the analysis can serve as 

a valuable tool for risk assessment and mitigation planning. Furthermore, validation with field 

data demonstrates that performing such analysis yields significantly improved estimates of risk 

and mitigations over conventional deterministic approaches. 

Chapter 5: This chapter presents three case studies to demonstrate how other data sources can 

be utilized in conjunction with geostatistical analysis. The first case study involves assessing the 
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likelihood for mixed face conditions throughout different stages of site investigation as well as 

incorporating site investigation data from previous projects in the area in efforts to reduce 

uncertainty. The second case study presents a probabilistic ground deformation analysis 

incorporating the results from the geostatistical analysis and validates these results using field 

observations. The third case study explores the applicability of using geostatistical model results 

in efforts to improve the understanding of the relationship between geotechnical parameters and 

TBM construction performance. These case studies further highlight the value of geostatistics in 

UCT applications. 

Chapter 6: The outcomes and conclusions of this thesis are summarized.   
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CHAPTER 2  

GLOBAL VS LOCAL SIMULATION OF GEOTECHNICAL PARAMETERS FOR 

TUNNELING PROJECTS 

A paper to be submitted to a geology, geotechnical or tunneling journal. 

Abstract 

Urban soft ground tunneling projects involve significant risks related to the spatial 

variability and uncertainty in geotechnical parameters. However, standard practice typically does 

not incorporate spatial trends into risk assessment, highlighting a need for better spatial 

characterization of relevant geological and geotechnical parameters. Geostatistical methods 

provide a means for not only predicting geotechnical parameter values spatially, but also 

modeling the heterogeneity and spatial uncertainty that play a key role in probabilistic risk 

assessment for tunnel construction. In this paper, two approaches are compared for modeling the 

spatial variability and uncertainty of key geotechnical parameters relevant to tunneling. The first 

approach consists of the sequential Gaussian simulation of parameters using a single spatial 

variance model for each respective parameter. The second approach was developed to consider 

the influence of geology by basing the sequential Gaussian simulation of geotechnical 

parameters on geological unit simulations using a transition probability-based stochastic model. 

In this approach, a unique spatial variance model for each geological unit is considered. The 

results from this analysis reveal that the influence of geology is critical to the spatial modeling of 

geotechnical parameters and their uncertainty. 
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2.1 Introduction 

In urban soft ground tunneling, geological and geotechnical uncertainty is often the most 

significant contributor to risks associated with a project. Unforeseen adverse 

geological/geotechnical conditions introduce significant risks of settlement, clogging, excessive 

cutter tool wear, large groundwater inflows and obstruction/anomalies such as boulders and 

lenses (Guglielmetti et al. 2007). These geotechnical risks create operation and other project 

risks, including reduced tunnel advance rates and schedule delays, cost increases, damage to 

existing infrastructure, and/or damage to construction equipment.  

Despite often expensive site investigation and testing in tunneling projects (relative to 

other geotechnical projects), significant uncertainty in geological and geotechnical parameters 

remains. This is largely due to the inherent spatial variability of soil and rock characteristics that 

cannot be fully captured using univariate or multivariate analyses of site investigation data alone 

(Phoon and Kulhawy 1999). 

While current practice takes into consideration the uncertainty in geological/geotechnical 

parameters globally, spatial uncertainty is generally not considered. However, studies have 

shown that spatial variability/uncertainty can have a significant impact on key tunneling 

parameters including ground deformation (Grasmick and Mooney 2017; Huang et al. 2017; 

Huber et al. 2010; Pinheiro et al. 2016) and tunnel boring machine (TBM) performance 

(Stavropoulou et al. 2010). In other applications (i.e., mining, petroleum, environmental science, 

hydrogeology), spatial variability and uncertainty is modelled using geostatistical methods and 

has proven valuable to the industry (Chilès and Delfiner 2012; Exadaktylos and Stavropoulou 

2008; Pyrcz and Deutsch 2014; Webster and Oliver 2008).  
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Geostatistical simulation is a well-accepted method for characterizing heterogeneous 

reservoirs or subsurface conditions, in part because it captures the heterogeneous character 

observed in many subsurface environments (Pyrcz and Deutsch 2014). This stochastic approach 

allows for the generation of many equally probable realizations that can be post-processed to 

quantify spatial uncertainty. In petroleum and mining, the geology and relevant properties (e.g. 

porosity, seismic data, copper grade, etc.) are often modeled jointly to account for the differing 

spatial dependencies depending on the rock type (Begg et al. 1996; Castro 2007; Emery and 

Silva 2009; Maharaja and Journel 2005; Maleki and Emery 2015).  

Only a limited number of studies have applied geostatistical methods to characterize 

geotechnical parameter spatial variability in soft ground tunneling applications, including the 

spatial estimation of cone penetration tests (CPT) (Huang et al. 2017), standard penetration test 

(SPT) blow counts (Stavropoulou et al. 2010), borehole jacking test results (Huber et al. 2010) 

and boulder frequency (Felletti and Beretta 2009). However, there are several key limitations in 

these approaches that may adversely impact tunneling risk assessment. First, this study 

demonstrates that the use of a ‘global’ spatial variance model that assumes the spatial structure 

of the geotechnical parameters is the same throughout the study area, regardless of soil type, can 

result in the over or under-estimation of the geotechnical parameters and their variability locally. 

Second, the geological uncertainty, including the uncertainty in lithological boundaries, is not 

considered. Lastly, the variogram analysis, including the assessment of whether sufficient data 

from urban tunneling projects, and at what scale the spatial variability can be modelled has not 

received formal attention.  

This paper presents a comprehensive geostatistical analysis of a tunnel project in 

heterogeneous soil using a new approach. The novelty of this approach with respect to previous 
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tunneling studies is that both the variability and uncertainty in geology and geotechnical 

parameters are jointly modeled. The method uses a unique spatial variance model for each 

geological unit, and incorporates the uncertainty in geological variability into the spatial 

characterization and uncertainty of the geotechnical parameters. The results are compared to the 

more standard approach of using a single spatial variance model for the entire study area to 

simulate the geotechnical parameter. In addition, key aspects of the geotechnical parameter 

distributions, spatial variance structure, and the value of performing geostatistical analysis on 

tunneling site investigation data are addressed. 

2.2 Data and Methods 

This section begins with a brief overview of the geostatistical simulation methods used in 

this study followed by an introduction to the Northgate Link tunnels project and site 

investigation data. The geostatistical modeling inputs (i.e. spatial structure models) are also 

presented.  

2.2.1 Study Area, Geological Setting and Project Scope 

In this study, the geostatistical analysis was performed on the Northgate Link tunnels 

project in Seattle, WA. This project consisted of two (twin) tunnels, each approximately 5.6 km 

in length, excavated by 6.6 m diameter earth pressure balance tunnel boring machines (EPB 

TBM). The regional geology consists of highly variable glacial and non-glacial sediments 

deposited in the Holocene and Quaternary Vashon and Pre-Vashon time periods (Figure 2.1). For 

the purpose of establishing baseline ground conditions in UCT works, geologic units with similar 

engineering and behavioral characteristics are typically grouped together into different 

engineering soil units (ESUs). According to the geotechnical baseline report (GBR), seven major 

ESUs are identified in the project extent and summarized in Table 2.1 (Jacobs 2013). The recent 
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Holocene deposits (ENF, RCS and RGD) are normally consolidated while the rest of the units 

are generally over-consolidated due to several historical glaciations. 

 

Figure 2.1: Geological cross section of the Northgate Link tunnel provided in the GBR (Jacobs 
2013). Elevation is with respect to MSL. 

Table 2.1: Description of Engineering Soil Units encountered in project area. 

Engineering Soil 
Unit 

USCS Description 

Cohesive Clay 
and Silt (CCS) 

CH, CL, MH, 
ML, OH, OL, 
PT, SC, SM 

Hard, interbedded silt and clay. Includes multiple layers and 
lenses of cohesionless silt, sand, and gravel, with varying lateral 
extent and thickness. 

Cohesionless Silt 
and Fine Sand 
(CSF) 

ML, SM, SP 
Fine-grained granular soil consisting of very dense silt, fine sandy 
silt, and silty fine sand. 

Cohesionless 
Sand and Gravel 
(CSG) 

GM, GP, SM, 
SP, SW 

Dense to very dense silty sand to sandy gravel. May contain 
lenses of clay and clayey silt. 

Engineered and 
Non-Engineered 
Fill (ENF) 

CL, GM, GP, 
ML, OH, OL, 
SC, SM, SP, 

SW 

Very loose to very dense sand with varying amounts of silt and 
gravel. Also includes wood, concrete, metal, brick, and other 
debris. 

Recent Clay and 
Silt (RCS) 

CH, CL, ML, 
OL, PT, SC, 

SM 

Soft to stiff silty clay and clayey silt with variable amounts of 
sand and gravel in localized zones. 

Recent Granular 
Deposits (RGD) 

GC, GM, GP, 
ML, SM, SP 

Loose to dense or locally very dense silty sand, medium stiff to 
hard sandy silt, and silt. Contains localized lenses of sandy gravel 
and gravelly sand with varying lateral extent and thickness. 

Till and Till-Like 
Deposits (TLD) 

CL, GC, GM, 
GP, GW, 

ML, SC, SM, 
SP, SW 

Has a high spatial variability and will grade over short distances 
from an unsorted mixture of gravel, sand, silt, and clay, to an 
unsorted mixture of silt, sand, and gravel to clean or relatively 
clean sand and gravel.  
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The site investigation consisted of 158 boreholes with varying sampling, in-situ testing 

and laboratory testing methods for determining parameters including ESU classification, water 

content, Atterburg limits, etc. Standard penetration test blow counts (SPT-N) were recorded at 

1.5 and 3.0 m spacing in all boreholes. The majority (58%) of the boreholes are within 50 m of 

another borehole. However, these boreholes are typically located at tunnel stations, where a 

higher density of boreholes is generally present. Along the tunnel drive (i.e., between stations), 

borehole spacing generally exceeds 50 m, and even 100 m in some cases.  

Figure 2.2 presents the spatial distribution of the site investigation layout and sampling 

frequency for different soil parameters. ESU classification and water content (w) were the most 

frequently logged parameters, followed by SPT-N and plasticity index (PI). There are 

considerably fewer plasticity index data samples because plasticity is only tested for cohesive 

soils (non-cohesive soils are assumed non-plastic). SPT-N are reported as corrected blow counts 

accounting for hammer efficiency and overburden stresses (N1(60)). Examination of Figure 2.2 

reveals significant spatial variability in geotechnical parameters. 

2.2.2 Exploratory Data Analysis 

The global statistics and distributions of the geotechnical data examined in this study are 

presented in Figure 2.3. CSG is the primary ESU, followed by TLD and CCS. The geotechnical 

parameters N1(60), w and PI generally follow a lognormal distribution that is typical of these 

parameters (Phoon and Kulhawy 1999). Note that N1(60) is not technically a geotechnical 

parameter itself, but it is referred to as such here because it correlates to soil stiffness and 

strength.  
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Figure 2.2: Overview of Tunnel Site and Site Investigation Data. a) Plan view with borehole 
locations; Profile views of b) ESU, c) N1(60), d) water content and e) plasticity index. The back 
line in (b-e) corresponds to the tunnel alignment. 
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Figure 2.3: Histograms of Site Investigation Data (a) ESU, (b) N1(60), (c) w and (d) PI. 

Figure 2.4 presents the distributions of each geotechnical parameter by ESU. 

Distributions of N1(60) are quite different across ESUs. Average values vary from 18 to 114 

blows/300 mm, with recent clays and silts (RCS) exhibiting the lowest average N1(60) and TLD 

the highest. In addition, the variability (standard deviation) in N1(60) differs across ESUs. ENF 

and TLD exhibit the highest variability, likely the result of varying soil types ranging from silty 

fines to cobbles and boulders in these ESUs. The distributions of water content across ESUs also 

differ. Average water content across ESUs varies from 10% to 29%, with CCS having the 

highest average w and TLD having the lowest. Standard deviations vary as well, with RCS 

exhibiting the highest variability and TLD the lowest. The majority of PI samples are in CCS. 
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While there arguably is limited data to make reasonable comparison between the ESUs where PI 

was tested, it can be inferred that the variability in PI is high.  

 

Figure 2.4: Distributions of each geotechnical parameter for each ESU. Numbers within 
parenthesis indicate the number of samples. 

2.2.3 Overview of Methods 

For the simulation of geotechnical parameters, two geostatistical approaches are adopted. 

The first, or global approach, uses a single (global) variogram modeling spatial continuity in a 

multi-Gaussian random field. The steps for this approach are as follows (Chilès and Delfiner 

2012; Matheron 1971): 

1. The distribution of the geotechnical parameter of interest is transformed to a standard 

normal (Gaussian) distribution. This is because the geostatistical simulation requires that 

the data follow a normal distribution. 

2. The experimental variogram of the transformed data is computed and fitted with a 

theoretical variogram model. This is assessed in three dimensions to account for 

directional and zonal anisotropy. 

3. The sequential Gaussian simulation (SGS) algorithm is used to simulate a Gaussian 

random field at unsampled node locations on the simulation grid conditioned to the 

measured data (i.e., simulated values at the data locations match the data values).  
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4. The simulated Gaussian values are back-transformed to the original scale of the data.  

The critical assumption of the global approach is that the global variogram model is 

representative of the spatial variance structure for all soil types and geological units.  

The second, or local approach, uses multiple variograms of the geotechnical parameters 

that are unique to each ESU. This approach involves a 2-step simulation procedure where the 

ESUs are simulated first, followed by the simulation of the geotechnical parameters within each 

ESU using the variogram and conditioning data specific to each ESU. This approach is carried 

out through the following steps: 

1. Experimental transition probabilities of the ESUs are computed and fitted with 

transiogram models. The transition probabilities are modeled in three dimensions to 

account for direction anisotropy (Carle and Fogg 1996). 

2. The sequential Indicator simulation (SIS) algorithm is used to simulate realizations of the 

ESUs (Remy et al. 2011).  

3. The geotechnical parameter data of interest is subset by ESU classification according to 

the borehole logs. 

4. For each subset, the geotechnical parameter data are transformed to a standard Gaussian 

distribution from which experimental variograms are computed and fitted with theoretical 

models.  

5. For each simulation of ESUs (step 2), the realization is subdivided by ESU. Within each 

ESU, the geotechnical parameter is simulated as a Gaussian random field using the SGS 

algorithm with the conditioning data and model variograms for the respective ESU. 

6. The simulated Gaussian values are back-transformed to the original scale of the data 

before merging the models back together. 
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2.2.4 Geostatistical Modeling of Geotechnical Parameters 

To model the spatial variance structure of the continuous geotechnical parameters, 

variograms are calculated from the available data (experimental variogram) to which model (or 

theoretical) variograms are fit. Each experimental variogram is derived by taking the average 

square difference of all pairs of data points at binned separation (lag) distances. The behavioral 

principle is that as the distance between pairs increases, so does their variance (i.e., they become 

less correlated). The experimental variogram is calculated by the following equation: 

𝛾(ℎ) =  
12𝑁(ℎ) ∑ [𝑧(𝑢) − 𝑧(𝑢 + ℎ)]𝑁(ℎ) 2

    (2.1) 

where 𝛾(ℎ) is the semivariance (one-half of the variance) at lag distance ℎ, 𝑁(ℎ) is the number 

of data pairs separated by lag distance ℎ, and 𝑧(𝑢) − 𝑧(𝑢 + ℎ) is the parameter difference 

between two pairs separated by ℎ, with 𝑢 representing the location vector. The variogram 

function assumes that the data is second-order stationary for the kriging inference, such that the 

spatial variance is constant over the entire study area (Chilès and Delfiner 2012). This is a 

critical assumption that significantly impacts the geostatistical model results. 

Three-dimensional variogram models enable modeling the directional and zonal 

anisotropies in multiple directions. Directional anisotropy accounts for the difference in range 

(correlation length), which is often larger in the horizontal direction than in the vertical direction 

due to the deposition processes typical of soils. The directional anisotropy ratio describes the 

ratio between horizontal to vertical ranges and can vary from 1 to over 100 (Huber 2013). Zonal 

anisotropy accounts for differences in overall variance in multiple directions. For example, the 

overall variance in the horizontal plane can be lower or higher than in the vertical plane. This 

zonal anisotropy is accounted for by using nested variogram models.  
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Figure 2.5 presents the global approach and ESU-specific (local approach) experimental 

and model-fitted variograms for the horizontal and vertical directions of the three geotechnical 

parameters N1(60), w and PI. Here, the vertical axis is presented in terms of the square root of the 

semivariance √𝛾(ℎ). The point size corresponds to the number of data pairs used to calculate the 

average semivariance at the respective lag (larger data points equals more data pairs). The 

horizontal variograms were calculated from the data using lag distance bin widths of 15-40 m. 

Directional anisotropy in the horizontal plane (i.e., north/south vs. east/west) was checked and 

differences were deemed negligible. Therefore, the spatial variance structure in the horizontal 

plane was determined to be isotropic. In the vertical direction, experimental variograms were 

calculated with a binned lag distance of 2 m.  

Examining the N1(60) variograms, the variance (sill) is significantly (3-4 times) higher for 

TLD and ENF than other ESUs. The effective range also varies across ESUs, with horizontal 

effective ranges varying between from 0 m in CSG, ENF and RCS (i.e., no spatial correlation) to 

250 m in TLD soil. Directional anisotropy (horizontal to vertical) ratios also vary from 1 to 21. 

For example, TLD exhibiting the highest anisotropy ratio whereas several ESUs (e.g., CCS, 

CSF, ENF and RCS) have an anisotropy ratio of 1.  

The water content variograms are also notably different across ESUs. The clay ESUs 

(RCS and CCS) exhibit higher sills than the sandy soils (2-6 times larger), and the effective 

range varies across ESUs ranging from 0 m for CSF and ENF to 155 m for CCS in the horizontal 

direction. Horizontal-to-vertical anisotropy ratios vary from 1 (CSF, ENF, TLD) to 15 (CCS).  

PI is only relevant to ESUs CCS, CSF and RCS; therefore, only those units are included 

in the variogram calculation. Since the number of PI data is limited, all data from these ESUs 
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were grouped together to model the variogram. This variogram has correlation lengths of 350 m 

and 13 m in the horizontal and vertical directions, respectively.  

 

Figure 2.5: Directional variograms by ESU for (a,b) N1(60), (c,d) water content and (e,f) Plastic 
index. The black open squares and line correspond to the global variograms. 

It is evident that the spatial variance structure (variogram) differs for each ESU. 

Consequently, it is expected that the use of a global variogram for the simulation of geotechnical 

parameters will result in over- or under-estimation of variance and uncertainty depending on the 
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ESU and the geotechnical parameter being modeled. Furthermore, it is evident that the 

assumption of second-order stationarity with the use of a global variogram is not valid, as the 

spatial variance structure of geotechnical parameters N1(60) and w depend on the geology (ESU).  

It warrants mention that some ESU-specific geotechnical parameters may not contain 

sufficient data to interpret the variogram with a high degree of confidence. The standard rule of 

thumb per the central limit theorem is that each lag distance bin should contain at least 30 point 

pairs (Cressie 1985; Smith 2016). Furthermore, the binned lags should be of equal spacing and 

the number of pairs should be similar across all binned lag distances. Figure 2.6 presents the 

number of pairs vs. binned lag distance for the geotechnical parameters of each ESU. Most 

variogram points contain at least 30 pairs for much of the distance over which the variogram is 

modeled, with the exception of ESUs ENF, RCS and CSF. In both the horizontal and vertical 

directions, however, the number of pairs begins to drop below 30 at high lag distances, yielding 

less confidence in the corresponding semivariance values. To account for sample size, model 

variograms are fitted to the experimental data weighted by the number of pairs at each lag 

distance (higher weight when more data pairs exist). 

The lag distances at which the experimental variograms can be determined with an 

acceptable number of data pairs sheds light on the scale at which the spatial variation can be 

modelled. Creating a simulation grid with resolutions significantly less than the smallest lag 

distance may produce realizations that do not represent the true spatial variability since the 

spatial variance structure at scales smaller than the first lag distance is in reality not known.  Grid 

resolutions much larger than the binned lag distance spacing may also produce erroneous 

realizations as the spatial variability between simulated locations is not modelled.  
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Figure 2.6: The number of pairs available at each lag distance for the experimental variograms; 
(a,b) N1(60), (c,d) w and (e,f) Plastic index. The dashed red line corresponds to the minimum 
desired number of pairs (n = 30). 

The global and local (ESU-specific) variograms are used within the sequential Gaussian 

simulation (SGS) method to develop a stochastic representation of spatial variability of 

geotechnical parameters (Deutsch and Journel 1998). The key idea of SGS is to populate spatial 

locations with geotechnical parameters in random order, considering previously simulated values 

as conditioning data so that the model reproduces the proper variance between all of the 

simulated values. In this sense, each realization is equiprobable, honoring the spatial structure 

(variograms) and distribution of the original (borehole sample) data. The M realizations can be 

post-processed to estimate measures of local uncertainty by taking the variance of all realizations 

at each simulated location (node). Uncertainty formats can include absolute uncertainty (e.g., 



50 
 

standard deviation, 𝜎), relative uncertainty (e.g., coefficient of variation, CoV) and probability of 

misclassification (in the case of indicator simulation).  

2.2.5 Geostatistical Modeling of ESUs 

In the local approach, the SGS honors one ESU-specific variogram at each spatial 

location simulated. Selection of which ESU-specific variogram to honor is performed using a 

transition probability approach (Carle and Fogg 1996, 1997). In this approach, transition 

probabilities represent the conditional probabilities of a certain ESU to occur adjacent to the 

others along particular directions. As with the variogram-based geostatistical analysis, a model 

(transiogram) is fitted to the transition probabilities observed in the data and sequential 

simulations are performed to generate many equiprobable realizations. These realizations are 

conditional to the transition probabilities, proportions, mean lateral extent and vertical thickness, 

connectivity, and juxtaposition tendencies for each category. The transition probability 𝑡𝑖,𝑘from 

an ESUi to another ESUk is defined in terms of the conditional probability: 𝑡𝑖,𝑘(𝒉) = 𝑃{𝑘(𝒖 + 𝒉)|𝑖(𝒖)}      (2.2) 

where 𝒖 and 𝒉 are location and lag distance vectors, respectively. This is considered a 

Markovian approach since the occurrence of ESUk at location 𝒖 + 𝒉 is only dependent on the 

occurrence of ESUi at location 𝒖. From the transition probabilities, continuous-lag Markov chain 

models can be developed to model the transition probabilities at any lag 𝒉 and in each direction 

(e.g. horizontal and vertical). The models are computed from the transition probabilities 

observed in the data (equation 2.2) as well as values of volumetric fraction (i.e. proportions), 

mean length and mean thickness of each category.  

Table 2.2 summarizes the volumetric fraction, mean lateral extent and mean vertical 

thickness of each ESU computed from the SI data. The data reveals the CSG soil unit not only is 
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the most frequently occurring ESU in the study area, but also has the largest mean lateral extent 

and vertical thickness. The CSF and RCS soil units exist primarily as lenses embedded in the 

CSG and TLD soils and, therefore, have significantly smaller average lateral extents and vertical 

thickness.  

Table 2.2: Parameters for the transiogram models shown in Figure 2.7. 

Parameter CCS CSF CSG ENF RCS RGD TLD 

# Samples 396 356 906 148 46 253 618 

Vol. fraction 0.15 0.13 0.33 0.05 0.02 0.09 0.23 

Mean length (m) 35 28 130 28 10 31 38 

Mean thickness (m) 5.0 1.0 5.9 1.1 0.6 3.4 2.6 

 

For the calculation of the conditional probabilities according to the borehole data, a lag 

distance spacing of 15 m was used in the horizontal direction. In the vertical direction, a lag 

distance spacing of 2 m was used.  The embedded transition probability matrix and fitted 

transiogram models are presented in Figure 2.7. These models represent the conditional 

probabilities of the same or another ESU a certain direction and distance (lag) from a known 

ESU at any point. For example, if a location of CSG is known, 5 m vertically from that location 

there is a 54% probability of encountering CSG, 19% probability of encountering TLD, 14% 

probability for CSF, 12% for CCS and 1% for the remaining ESUs.  

For the stochastic simulation of ESUs, the developed Markov chain model is used as the 

input for the sequential indicator simulation (SIS) to generate realizations of equiprobable ESU 

profiles. Much like the SGS algorithm, for each realization, a random path is defined and 

indicator kriging is performed to obtain the kriged estimate and corresponding variance from 

which residuals are drawn. The key difference in the transition probability approach is that rather
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Figure 2.7: Horizontal and vertical transiograms for the simulation of ESU. The black points represent the conditional probabilities 
calculated from equation 2.2 and the red lines are the fitted Markov chain model. 
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than honoring the variograms, the transition probability is honored. A successive optimization 

step to improve the agreement between measured and modeled transition probabilities after 

generating a SIS realization is implemented with a simulated quenching algorithm (Carle, 1999).  

The M realizations can be post-processed to determine the most probable ESU profile as 

well as quantify the prediction uncertainty at each simulated location (node). The concept of 

information entropy (Shannon 1948) has been applied previously as a measure of uncertainty for 

geological models (Bianchi et al. 2015; dell’Arciprete et al. 2012). The normalized information 

entropy is a relative measure of ‘missing information’ i.e., the amount of information required 

for a completed probabilistic description of the system. It is equal to 0 when no uncertainty exists 

(i.e., there is only one possible outcome) and 1 when uncertainty is at a maximum (i.e., all 

outcomes are equally probable). The information entropy 𝐻, maximum entropy 𝐻𝑀𝐴𝑋 and 

normalized information entropy 𝐻𝑁𝑂𝑅𝑀 are defined as: 𝐻 = − ∑ 𝑝𝑖 log 𝑝𝑖𝑁𝑖=1       ` (2.3) 𝐻𝑀𝐴𝑋 = − ∑ 1𝑁 log 1𝑁 = log 𝑁𝑁𝑖=1      (2.4) 

𝐻𝑁𝑂𝑅𝑀 = − ∑ 𝑝𝑖 log 𝑝𝑖𝑁𝑖=1𝐻𝑀𝐴𝑋       (2.5) 

where 𝑝𝑖 is the probability of the outcome i out of N possible outcomes. The absolute maximum 

of H occurs when, for all possible outcomes, 𝑝𝑖 = 1/N.  

2.3 Results 

In this study, ESU and geotechnical parameter simulations were performed on a three-

dimensional grid with node spacing of 10x10x1 m in the northing, easting and elevation 

directions, respectively. This grid resolution was selected based on the scales (i.e., binned lag 

separation distances) at which the spatial structure can be inferred as discussed in section 2.2.4. 

The grid extended 100 m laterally on each side of the tunnel alignment and vertically from the 
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ground surface to at least 20 m below the alignment. For the global approach, 1000 realizations 

were generated. For the local approach, 100 SGS simulations were performed within each of the 

100 ESU realizations (10,000 realizations total). The number of realizations were confirmed to 

be sufficient such that any additional realizations did not result in more than +/- 1% change in 

the quantified uncertainty at any one location. 

In the local approach, the geotechnical parameters were simulated within each ESU 

independently, and the results were merged at the end of each simulation. An inherent 

assumption in this approach is that for any one ESU, the presence of adjacent ESUs does not 

influence the spatial variance structure of the geotechnical parameters. In other words, 

geotechnical parameter data in any one ESU are not influenced by the geotechnical parameter 

data in adjacent ESUs (i.e., only data within the respective ESU is used for the conditional 

simulation of the geotechnical parameters).  

2.3.1 ESU Modeling Results 

The results of the 3D simulation of ESUs are presented in Figure 2.8. Two-dimensional 

longitudinal profiles through the center of the tunnel are presented to allow for visualization of 

the results. 100 simulations were performed, and each realization honors the proportions of ESUs 

and the transiograms representing the average geometry, connectivity and juxtaposition 

tendencies of each ESU. An example realization is presented in Figure 2.8 (a). The most frequent 

(i.e., most probable) predicted ESU at any node is presented in Figure 2.8 (b). Lenses of CSF are 

evident within the CSG, consistent with what is described in the GBR. It is evident that the 

tunnel drive passes through a number of ESUs, most notably CSG, CCS and TLD. These ESUs 

consist of significantly different soil types and geotechnical parameter ranges.  
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The uncertainty at each simulation node is presented in Figure 2.8 (c). Areas of higher 𝐻𝑁𝑂𝑅𝑀 correspond to higher uncertainty in the ESU estimation (i.e., multiple ESUs are 

probable). The uncertainty depends on both the borehole sampling distance/frequency and the 

variability in ESUs in boreholes near the simulation node. In this sense, the highest uncertainty 

occurs in regions of transitions between ESUs as well as regions where ESU lenses within a 

predominant ESU are present.  

 

Figure 2.8: Results of the ESU simulation: (a) example of one realization, (b) most frequent 
occurring ESU, (c) uncertainty as measured by normalized entropy. 

2.3.2 N1(60) Modeling Results 

The results of the geostatistical simulations for N1(60)
 from both global and local 

approaches are presented in Figure 2.9. From the example realization (Figure 2.9 a, b), it can be 

observed that both approaches exhibit regions of comparably higher and lower N1(60). For 

example, chainage 37.5-38.5 km exhibits generally higher N1(60) compared to chainage 40.5-41.5 
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km. The average of values at each simulation node for all realizations using each approach are 

presented in Figure 2.9 (c, d). These values are essentially the kriged estimate, i.e., according to 

the SGS algorithm, an average of infinite simulations will converge to the kriging estimate. It is 

evident that the spatial variability at the 1-10 m scale is lost as the average tends to smooth out 

the predicted values. Therefore, it is important to analyze the individual realizations so that the 

real heterogeneity that is expected to be observed in the field can be assessed. As with the 

individual realizations, the mean profiles from both approaches demonstrate consistent regions of 

mean high and low N1(60), indirectly revealing the geologic structure specifically where higher 

N1(60) generally corresponds to the TLD unit. 

The standard deviation (σ) and coefficient of variation (CoV) presented in Figure 2.9 (e, 

f) and (g, h), respectively, quantify the uncertainty in the predicted values at each simulation 

node from the 10,000 realizations. The local uncertainties depend on both the number and 

location of surrounding borehole data as well as the variability of the geotechnical parameter 

within the nearby boreholes. Inspection of the uncertainty profiles reveals the locations of several 

of the boreholes (vertical blue/dark green streaks) where uncertainty is lowest, as well as under-

sampled and/or highly variable regions where uncertainty is higher. The standard deviation 

profile in Figure 2.9 (e, f) also reveal trends corresponding to most probable ESU. Regions of 

higher σ for N1(60) values correspond to higher likelihood of TLD, which has a higher range of 

possible N1(60) and a higher spatial variability according to its variogram compared to other ESUs 

(see Figure 2.4 and Figure 2.5).  

In general, comparison of the σ profiles for both geostatistical approaches reveals 

consistent spatial trends in regions of high/low σ. However, comparison of the CoV profiles 

demonstrates considerable differences between the global and local approaches. The local 



57 
 

approach generally exhibits lower CoV on average, particularly within the tunnel horizon 

between chainage 40.5-42.5 km. Conversely, the local approach exhibits notably higher CoV 

between chainage 37.0-37.5 compared to the global approach.  

 

Figure 2.9: Results of the simulation of N1(60): (a, b) example of one realization, (c, d) average of 
all realizations, (e, f) standard deviation of all realizations, (g, h) coefficient of variation. 

2.3.3 Water content modeling results 

Figure 2.10 presents the results of the geostatistical simulations for water content, w, from 

both approaches. Examination of the example realization (Figure 2.10 a, b) and mean of all the 

realizations (Figure 2.10 c, d) reveals regions of higher and lower w consistent with the most 

probable ESU locally. For example, regions with consistently higher w (e.g., chainage 37-38 km) 

correspond with higher likelihood of CCS soils. Similar to the N1(60) simulations, both 

approaches generally demonstrate similar regional trends in w. While the average N1(60) profile 
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demonstrates significant smoothing compared to the individual realization, the difference 

between the individual realization and average w profiles from both approaches does not appear 

to be as significant.  

The standard deviation profiles (Figure 2.10 e, f) also reveal spatial trends correlating 

with the most probable ESU profile. Regions of higher σ in w correspond to regions of higher 

likelihood of cohesive and/or fine grained ESUs (CCS, CSF, and RCS). While the σ profiles 

reveal consistent spatial trends of high/low values between the two approaches, the local 

approach exhibits lower average σ overall, particularly in the regions of high likelihood for 

cohesionless ESUs. Significant differences between the two approaches can also be observed in 

the CoV profiles (Figure 2.10 g, h). While the global approach exhibits a generally uniform CoV 

profile, the local approach exhibits higher contrasting regions of CoV. For example, a localized 

region high CoV can be observed near chainage 42 km in the local approach profile that is not 

evident in the global approach profile. Between chainage 40.5-41.5 within the tunnel horizon, 

the local approach profile exhibits significantly lower CoV compared to the global approach 

profile.  

2.3.4 Plasticity index modeling results 

The results of the geostatistical simulation of plasticity index, PI, using both approaches 

are presented in Figure 2.11. For the global approach, it is evident that individual realization and 

average profiles of PI are not realistic. This is due to the fact that the global approach does not 

constrain ESUs in which PI can be greater than 0. With the geologic constraint in the local 

approach, the simulation of PI performs well, exhibiting PI > 0 regions corresponding to higher 

likelihood of cohesive ESUs (CCS and RCS). Comparing the example realization with the 

average profile for the local approach, the profile reveals areas of PI > 0 that are not clearly 
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conveyed in the average profile. For example, chainage 40 km near the crown of the tunnel 

exhibits the presence of plastic material which is not clearly evident in the average profile. This 

further justifies the necessity of analyzing individual realizations in a stochastic framework. 

 

Figure 2.10: Results of the simulation of w: (a, b) example of one realization, (c, d) average of all 
realizations, (e, f) standard deviation of all realizations, (g, h) coefficient of variation. 

For the local approach results, the standard deviation and coefficient of variation profiles 

(Figure 2.11 f, h) reveal spatial trends corresponding to the likelihood of cohesive ESUs. 

Regions where σ is higher are representative of higher likelihood for CCS and RCS soils where 

PI values can vary significantly. Conversely, regions of lower σ generally correspond to a higher 

likelihood of cohesionless soils. High uncertainty in the presence of cohesive vs cohesionless 

ESUs is represented by regions where CoV is relatively high (>3). Regions of lower CoV (0-3) 

represent lower uncertainty in the presence of cohesive vs cohesionless soils.  
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Figure 2.11: Results of the simulation of PI: (a, b) example of one realization, (c, d) average of 
all realizations, (e, f) standard deviation of all realizations, (g, h) coefficient of variation. 

From the simulation results presented in Figures 2.9 to 2.11, it is evident that the 

individual realizations from the stochastic simulations model the spatial variability at a scale that 

is more realistic than simply the average of all realizations (i.e., the kriging estimate). The 

measures of absolute uncertainty (σ) provide insight into the range of values that can be expected 

for the respective geotechnical parameter at any location. In addition, the relative uncertainty 

(CoV) profiles can be used to identify regions of high uncertainty that may warrant further 

sampling. However, it is not explicitly clear how different the results are between the global and 

local approaches, and which is more accurate. The next sections compare the results and assess 

the accuracy of the global and local approaches.  
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2.3.5 Post-Processing Comparison 

To compare the results of the two approaches, Figure 2.12 & Figure 2.13 present the 

percent difference of the average and standard deviation profiles for each of the geotechnical 

parameters. Here, the percent difference is defined as: ∆(%) = 𝑙𝑜𝑐𝑎𝑙−𝑔𝑙𝑜𝑏𝑎𝑙𝑙𝑜𝑐𝑎𝑙 ∗ 100     (2.6) 

where local is the pointwise result from the local approach and global is the pointwise result 

from the global approach. The differences can be tied to the ESU profile. For example, the 

global approach, on average, predicts lower N1(60) values in regions of high likelihood for TLD 

soils, as well as a lower absolute uncertainty. Regions of higher likelihood for CCS and CSF 

soils demonstrate the opposite – the global approach predicts higher N1(60) and higher absolute 

uncertainty. The differences between the global and local approaches for all other ESUs, 

particularly CSG, are generally negligible. 

The approaches also yield different results for w. The local approach results in a lower 

average and lower uncertainty in TLD soils, and a higher average and uncertainty in CCS and 

CSF soils. For other ESUs, modeled w differences between the two approaches are generally 

smaller. For the PI, the two approaches yield significantly different results. As mentioned 

previously, this is a result of the non-constrained geology in the global approach such that a 

simulation node can take a PI value greater than 0 regardless of the ESU. This yields inaccurate 

models of PI using the global approach since PI = 0 in cohesionless soils.  

The differences between the two approaches are related to both the distribution of the 

data and the respective variograms used in the geostatistical model. While the global approach 

honors the distribution of all data and the global variogram, the local approach honors the data 
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distributions and variograms of individual ESUs. This key difference in the geostatistical 

modeling parameters leads to notably different model results as illustrated here.  

 

Figure 2.12: Percent difference in average geotechnical parameter value at each node from the 
two approaches; (a) N1(60), (b) w, (c) PI. 

2.3.6 Assessment of local uncertainty accuracy 

Borehole data is used to assess the accuracy of the global and local approaches. Cross-

validation is performed by randomly splitting the original data into two subsets, each containing 

half the data. The first subset is used as ‘training’ data to simulate values of the geotechnical 

parameter whereas the second subset serves as the ‘validation’ data to assess the model accuracy. 

The result of cross-validation applied to a simulation model is a set of true values and paired 

distributions of uncertainty. While one could perform cross-validation of the ‘estimate’ (based on 

the average of the simulations), recall that the ‘estimate’ may not be representative of the ground 
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truth as the spatial variability is smoothed out. It is, therefore, more appropriate to assess the 

model accuracy by checking the localized distributions of uncertainty derived from the set of 

realizations (Goovaerts 2001).  

 

Figure 2.13: Percent difference in standard deviation at each node from the two approaches; (a) 
N1(60), (b) w, (c) PI. 

For the direct assessment of local accuracy, accuracy plots were constructed using the 

modeled uncertainty at each test validation location (Goovaerts 2001) with a range of symmetric 

p-probability intervals (e.g. percentiles 0.01 to 0.99 in increments of 0.01) defined by the (1-p)/2 

and (1+p)/2 quantiles. An indicator function is then used to assign a value of 1 if the true value at 

a test location falls inside the probability interval and 0 if the true value lies outside the interval. 

A correct modeling of local uncertainty would entail that the proportion of true values falling 

within the p-probability interval should be close to and exceed the p under consideration. The 
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‘goodness’ statistic G (equation 2.7) is used to assess the closeness of the fraction of true values 

to p for all p (Deutsch 1997). 𝐺 = 1 − ∫ [3𝑎(𝑝) − 2][𝜉(𝑝) − 𝑝]𝑑𝑝10     (2.7) 

where the 𝜉(𝑝) is the fraction of true values falling in the symmetric p-probability interval and 

a(p) is the indicator function defined as: 

𝑎(𝑝) = {1   𝑖𝑓 𝜉(𝑝)  ≥ 𝑝 0       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒     (2.8) 

If 𝜉(𝑝) < 𝑝 (inaccurate case), the difference 𝜉(𝑝) − 𝑝 is multiplied by a factor of two to penalize 

the inaccuracy. A goodness statistic G close to 1.0 indicates an accurate model of uncertainty. 

Accuracy plots and the respective goodness statistic for the modeling of the three 

geotechnical parameters using the two approaches are presented in Figure 2.14. It is evident that 

the local approach outperforms the global approach with observed proportions falling closer to 

the theoretical probability and the goodness statistic, G, being closer to 1.0. It is also apparent 

that neither approach accurately models the uncertainty in the actual PI values well, although the 

local approach still notably outperforms the global approach for this parameter.  

 

Figure 2.14: Accuracy plots for the global and local approaches: (a) N1(60), (b) w and (c) PI. 
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2.4 Discussion 

The stochastic simulation results from the global and local approaches demonstrate their 

capability to model the spatial variability over short distances (10 m horizontal, 1 m vertical) 

representative of the expected true ground conditions. Furthermore, the uncertainty in the true 

values at unsampled locations can be quantified according to the distribution of the simulated 

values. The results also demonstrate that the choice of data distributions and variograms can lead 

to different results, most notably the local measures of uncertainty. The use of the global 

approach will result in under or over-estimation in both uncertainty and average predicted value 

compared to the local approach depending on the local ESU.  

Recalling that individual realizations of the geostatistical simulations aim to honor the 

distribution of the borehole data, Figure 2.15 presents the distributions of each geotechnical 

parameter from the SI data, a global approach realization and a local approach realization. The 

distributions are independent of the individual realizations for each approach as each realization 

produces the same distribution. The global approach distribution more closely matches the SI 

distribution, which should be expected since the SI distribution is assumed to represent the entire 

study area. However, considering the proportions of ESUs and their respective distributions for 

each geotechnical parameter, the overall distribution of the parameters may be different than the 

SI data implies, as evident by the differences between the SI and local approach distributions. 

This is explained by the frequency and type of samples in the site investigation – there are more 

ESU samples than geotechnical parameter samples. For example, while 19% of N1(60) samples 

are for TLD soils, the ESU samples reveal the TLD actually accounts for 23% of all soils in the 

study area. Therefore, the distribution of the SI geotechnical data does not fully account for the 

proportions of each ESU and actual statistics may be different. 
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Figure 2.15: Distributions of the geotechnical parameters from the SI, one global approach 
realization and one local approach realization. 

The local approach results in more accurate models of uncertainty and geotechnical 

parameter distributions compared to the global approach, as demonstrated in Figure 2.14. 

However, the local approach is significantly more complex, time consuming, and 

computationally expensive. The acceptability of the error resulting from the simplified global 

approach will depend on the application and risk being assessed. The local approach is required 

for modeling the spatial variability of PI. For other geotechnical parameters, it is recommended 

that the influence of both approaches on the risk assessment being performed (e.g., ground 

deformation, cutter tool wear, TBM production rates) be assessed. Furthermore, the use of the 

local approach requires enough data (n ≥ 30) to reasonably quantify the spatial variance 

structure of the geotechnical parameter of interest for each soil type. When limited data is 

available to subset the variogram analysis by soil class, as is the case with some of the ESUs for 

the data in this study, a global variogram approach may be the only option, or additional 

information/samples should be obtained. Ultimately, the choice of the best approach should 

consider the resources and needs of the analysis.  
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To illustrate the value of performing geostatistical analysis on SI data for UCT works, 

Figure 2.16 presents the SI data and geostatistical data from the local approach within the tunnel 

horizon for one of the Northgate Link tunnels. The value of performing geostatistical analyses on 

site investigation data for large scale geotechnical projects such as urban tunnels is conveyed 

here, as the analysis enables ‘filling in the gaps’ between the sparse borehole sampling. This 

information will aid in the decision making for TBM operation parameters, clogging potential 

and cutter tool wear rates. For example, N1(60) values are related to the shear strength of the soil, 

which impacts the energy required to excavate the material via thrust forces and cutterhead 

torque. Sections of higher N1(60) such as around chainage 37 km and between 38-39 km indicate 

that higher energy will be required to maintain advance rates and a higher rate of cutter tool wear 

is to be expected. In addition, locally variable sections of N1(60), such as that around chainage 

40.25 km, suggest ground conditions may change rapidly during the tunnel drive and therefore 

the TBM operator should expect changes in TBM operation behavior in such sections. The water 

content and plastic index are tied to the clogging potential of the soil. The geostatistical analyses 

provides a full project scale perspective of how much and the location of clogging potential 

material which can inform where and how much conditioning/water injection is required to 

minimize clogging.  

Furthermore, a stochastic geostatistical framework provides valuable measures of 

uncertainty that can be assessed along the tunnel alignment. In general, it can be observed in 

Figure 2.16 that uncertainty increases as one moves away from sampled borehole data. However, 

this is not always the case, particularly when variability of the samples within a borehole are 

high. The fluctuation in uncertainty between the SI samples in the tunnel horizon are reflective of 

the vicinity of boreholes near, but not within, the tunnel horizon. Identifying sections of higher 
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uncertainty will inform the operator of the potential for variable and/or unanticipated ground 

conditions.  

 

 

Figure 2.16: Data from the site investigation and local approach simulations within the tunnel 
horizon (excavated ground). 

2.5 Conclusions 

This study presents an approach to modeling the spatial variability and uncertainty of 

geotechnical parameters, while jointly considering the geological variability and uncertainty. 

Comparison of the developed approach (local) with the more conventionally used global 

approach revealed that the local approach is more accurate in quantifying the uncertainty at any 

node. The use of a global approach in the geostatistical analysis can result in over- or under-

estimation of local measures of uncertainty, and would have consequences in the risk assessment 

with respect to this inaccurate estimate of uncertainty.  
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In addition, the variogram analysis of typical geotechnical SI data for tunneling projects 

demonstrated that there is often sufficient data to assess the spatial correlation structure, and that 

this structure can vary by ESU. The scale and extent to which the spatial variability can be 

modelled is dependent on the resolution (lag distance) for which reasonable variograms can be 

modelled. Furthermore, the overall distribution of the geotechnical parameter may be different 

than the SI data implies, as demonstrated by the local distribution of geotechnical parameter 

values considering the proportion of ESUs within a project site.   

Post-processing of the individual realizations from the stochastic simulations enables 

mapping key spatial trends, including quantified uncertainties that can be useful for risk 

assessments relating to tunnel construction. With the use of empirical formulae, risks specific to 

TBM tunneling can also be mapped, providing a more comprehensive risk assessment than in 

current practice. Furthermore, the results of the simulations can be used to develop numerical 

models that explicitly consider the spatial variability in the geotechnical parameters, providing 

more accurate numerical predictions of soil behavior in response to tunneling. 
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CHAPTER 3  

UNCERTAINTY ASSESSMENT IN GEOLOGY AND GEOTECHNICAL PARAMETERS 

FOR UNDERGROUND WORKS 

A paper to be submitted to a geotechnical or tunneling journal. 

Abstract 

 The limited site investigation sampling for underground construction and tunneling 

works, relative to the project extent, inevitably leads to uncertainty in geological and 

geotechnical conditions. The spatial uncertainty in geological and geotechnical parameters can 

be quantified using geostatistical simulations, which considers both the parameters’ variability 

and spatial correlation. This paper provides the first comparative assessment of spatial 

uncertainty in underground works for three projects with varying degrees of site investigation 

effort (sample spacing), geological conditions and project scales/extents. Furthermore, the 

relative contributions of different factors, including site investigation effort, spatial correlation 

(variogram) parameters and geologic uncertainty, on the spatial uncertainty in geotechnical 

conditions is assessed. The results demonstrate that levels of spatial uncertainty can vary 

significantly both within one project and across multiple projects. In addition, it is demonstrated 

that the quantified spatial uncertainty in the geotechnical conditions is not solely a function of 

sample spacing, but factors including geological variability and spatial structure also contribute 

to the spatial uncertainty. 

3.1 Introduction 

The spatial characterization of geotechnical parameters is inherently uncertain. This is 

due to a combination of factors including natural and geological spatial variability, random and 
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measurement errors, and limited sampling data (Baecher and Christian 2005; Phoon and 

Kulhawy 1999; Whitman 2000). A comprehensive risk assessment in underground construction 

and tunneling (UCT) would consider the spatial variability and uncertainty in geological and 

geotechnical parameters of interest. As demonstrated in Chapter 2, geostatistical simulation is a 

suitable method for spatially quantifying the uncertainty in geotechnical parameters, while taking 

into consideration the parameters’ variability, spatial structure and borehole data. While the 

extent and density of borehole sampling data plays an essential role in the quantified uncertainty, 

as simulations are conditioned to the sample data, other sources of uncertainty including 

measurement error, parameter distribution, spatial structure and geological complexity will also 

contribute to the spatial uncertainty.  

In order to minimize the risks in UCT works, site investigations should be designed to 

minimize the spatial uncertainty in relevant geological and geotechnical parameters in areas of 

high consequence. Recent studies have proposed methods for optimizing site investigation 

layouts in geotechnical works (Gong et al. 2014, 2017; Parsons and Frost 2002; Pinheiro et al. 

2017; Shen et al. 2018). These methods aim to achieve a balance of maximizing the statistical 

inference of the geotechnical parameter of interest and minimizing the site investigation effort. 

However, the level of uncertainty encountered in UCT projects, particularily in soft ground, has 

not been examined, nor has the influence of various factors such as uncertainty in geological 

variability, geotechnical parameter distribution(s) and spatial correlation parameters on the 

spatial uncertainty been fully characterized.  

To improve our understanding of the general levels of spatial uncertainty in UCT works, 

and the contributing factors, geostatistical simulations using site investigation data from three 

projects (Queens ESA, Northlink and CRL) were performed to quantify geological and 
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geotechnical parameter spatial uncertainty. These projects encompass a range of site 

investigation efforts, project scales and geological/geotechnical conditions (e.g., soil/rock types, 

geomorphology and depositional histories), enabling a broad assessment of spatial uncertainty. 

Specifically, this paper compares levels of uncertainty in geological variability (ESU) and the 

geotechnical parameter N1(60) with respect to borehole sample spacing. The degree to which 

increased site investigation efforts (smaller borehole sample spacing) reduces spatial uncertainty 

is examined. In addition, a suite of machine learning and mutual information algorithms are 

implemented to characterize the contribution of factors pertaining to the spatial uncertainty in 

N1(60). 

3.2 Projects and Site Investigation Efforts 

The examination of three UCT projects provides a range of site conditions and site 

investigation efforts for spatial uncertainty assessment. Table 3.1 summarizes each of the three 

projects. The Queens East Side Access (ESA) tunnels project, completed in 2012, involved the 

construction of four near surface, closely spaced metro transit tunnels using slurry pressure 

balance TBMs beneath the rail yards and mainline railroad tracks in Sunnyside yards in Queens, 

New York. The Sound Transit Northgate Link (Northlink) tunnels project, completed in 2016, 

involved the construction of twin metro transit tunnels using earth pressure balance (EPB) TBMs 

to extend the light rail service to regions north of downtown Seattle, Washington. The City Rail 

Link (CRL) project, currently under construction, consists of several cut and cover, sequential 

excavation and EPB TBM tunnels under downtown Auckland, New Zealand to expand the 

existing light rail access. All three of these projects are located in dense, heavily populated urban 

areas where access to borehole drilling locations is often limited and consequences associated 

with various geotechnical hazards (i.e., risks) are high. 
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Table 3.1: Summary of tunnel projects. 

Project # Tunnels 

Total Excavated 

Length [km] 

Tunnel 

Diameter(s) [m] 

Project Extenta 

[km2] 

Queens ESA 4 3.2 6.90 0.82 

Northlink 2 11.2 6.64 3.02 

CRL 6 11.1 5.34 3.70 

a. Project extent refers to the rectangular surface area over which site investigation is performed. 

3.2.1 Geology 

The geological conditions encountered in each of the three projects are diverse and 

consist of alluvial, marine, glacial and volcanic deposits, as well as rock with highly variable 

degrees of weathering. Table 3.2 summarizes the different engineering soil units (ESUs) 

encountered in the Queens ESA project. This project site consists of a near-surface gneiss 

bedrock overlain by glacial soils that were deposited through a number of different glacial 

episodes. The terminal moraine of the last Wisconsin ice advance was located approximately five 

km southeast of the project, and contributed to a complex and variable deposition of different 

soil units and boulders.  

Table 3.2: Description of ESUs for the Queens ESA project. 

ESU USCS Description 

Bedrock (BR) - Gneiss and schistose gneiss. 

Clay 
CH, CL, ML, 

SM Stiff to hard clay with silts and sand.  

Decomposed Rock 
(DR) 

CL-ML 
Very stiff silts and clays (generally 35-55%) with 
sands and gravel. 

Fill SW, SM 
Sands with silts/clays (generally 10-30%), gravel, 
and miscellaneous debris. 

Gravel GM, SM, ML 
Fine micaceous sands and silts/clays (generally 9-
62%) with gravels and boulders. 

Glacial Till (GT) GW, SW, SM 
Sands with silts/clays (generally 5-30%), gravel, 
and boulders. 

Mixed Glacial Deposits 
(MGD) 

SM, SW 
Coarse to fine micaceous sands with silts/clays 
(generally 2-15%) and gravel.  
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The ESUs encountered in the Northlink project are summarized in Table 3.3. The 

Northlink site consists of late Quaternary and Holocene deposits. The Quaternary history is 

dominated by the succession of at least six glaciations, resulting in the presence of both new and 

reworked sediments. Interglacial alluvial and marine deposits from lowland waterways consist of 

silt, clay, sand and gravel. For both Queens ESA and Northlink, the glacial and interglacial soil 

units are typically limited in lateral extent and interlayering is frequent. The high degree of local 

variation often does not allow for reliable correlation and interpolation between adjacent borings.  

Table 3.3: Description of ESUs for the Northlink project. 

ESU USCS Description 

Cohesive Clay and Silt 
(CCS) 

CH, CL, MH, 
ML, OH, OL, 
PT, SC, SM 

Hard, interbedded silt and clay. Includes multiple 
layers and lenses of cohesionless silt, sand, and 
gravel, with varying lateral extent and thickness. 

Cohesionless Silt and 
Fine Sand (CSF) 

ML, SM, SP 
Fine-grained granular soil consisting of very 
dense silt, fine sandy silt, and silty fine sand. 

Cohesionless Sand and 
Gravel (CSG) 

GM, GP, SM, 
SP, SW 

Dense to very dense silty sand to sandy gravel. 
May contain lenses of clay and clayey silt. 

Engineered and Non-
Engineered Fill (ENF) 

CL, GM, GP, 
ML, OH, OL, 
SC, SM, SP, 

SW 

Very loose to very dense sand with varying 
amounts of silt and gravel. Also includes wood, 
concrete, metal, brick, and other debris. 

Recent Clay and Silt 
(RCS) 

CH, CL, ML, 
OL, PT, SC, 

SM 
Soft to stiff silty clay and clayey silt with variable 
amounts of sand and gravel in localized zones. 

Recent Granular 
Deposits (RGD) 

GC, GM, GP, 
ML, SM, SP 

Loose to dense or locally very dense silty sand, 
medium stiff to hard sandy silt, and silt. Contains 
localized lenses of sandy gravel and gravelly sand 
with varying lateral extent and thickness. 

Till and Till-like 
Deposits (TLD) 

CL, GC, GM, 
GP, GW, ML, 
SC, SM, SP, 

SW 

Has a high spatial variability and will grade over 
short distances from an unsorted mixture of 
gravel, sand, silt, and clay, to an unsorted mixture 
of silt, sand, and gravel to clean or relatively 
clean sand and gravel.  

 

 The Auckland CRL site is dominated by the East Coast Bays Formation (ECBF), a thick 

sequence of poorly-indurated sedimentary rock comprised of sandstone interbedded with 
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siltstones. ECBF rocks have been situated close to the ground surface for several million years, 

and have consequently had the potential to be deeply weathered. However, the depth of the 

weathering profile varies significantly and the degree of weathering can often exhibit a ‘saw-

tooth’ grade with depth. In addition, the region consists of 50 basaltic volcanoes that comprise 

the Auckland Volcano Field, resulting in lava shield, tuff rings and widespread ash deposits. The 

CRL site also includes marine and alluvial deposits consisting of gravel, sand and silt. All of 

these natural deposits have likely experienced a high degree of disturbance due to reclaimed and 

man-made fill used for the construction of downtown Auckland. Table 3.4 summarizes the ESUs 

encountered in the CRL project. 

Table 3.4: Description of ESUs for the CRL project. 

ESU USCS Description 

Residual ECBF (ER) 
CL, ML, SC, 

SM 
Highly weathered and residual ECBF soils with 
clay, silt and sand. 

Weathered ECBF (EW) - 
Slight to moderately weathered sandstone and 
siltstone. 

Unweathered ECBF 
(EU) 

- 
Extremely weak to moderately strong 
unweathered sandstone and siltstone with 
interbedded layers of uncemented sands. 

Fill (F) 

GW, GC, GM, 
CH, CL, MH, 
ML, SC, SM, 

SP, SW 

Highly variable clays, silts, sands and gravel 
(reclaimed soil). 

Tauranga Group (T) 
CH, CL, MH, 
ML, SC, SM 

Marine and alluvial deposits consisting of clays, 
silts and sands. 

Auckland Volcanic 
Field (V) 

- Basaltic lava, tuff and ash. 

 

3.2.2 Site Investigation Efforts 

In this study, the spatial uncertainty in geological classification (ESU) and normalized 

standard penetration blow counts (N1(60)) were examined. These are typically the most frequent 

samples collected in soft ground UCT works due to their relatively low cost to obtain and their 
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relevance to UCT risks. The site investigation efforts for each of the projects are summarized in  

the fewest number of samples.  

Table 3.5 and illustrated in Figure 3.1. While the CRL project contains the highest 

number of boreholes, the Queens ESA project contained the highest average density of 

boreholes. The Queens ESA project also contained the highest number of ESU and N1(60) 

samples while the Northlink project contained the fewest number of samples.  

Table 3.5: Summary of site investigation efforts. 

Project 

Total 

Project 

Cost (in 

billions) 

# 

Boreholes 

# 

Samplesa 

Avg. 

Horizontal 

Spacing 

[m] 

Avg. 

Vertical 

Spacing 

[m] 

Avg. Borehole 

Density 

[boreholes/km2] 

Queens ESA $11.1 299 4,364 23 1.2 364 

Northlink $1.9 117 2,787 48 1.2 38 

CRL $1.7 531 3,118 34 1.7 143 

a. The number of samples collected containing ESU classification and SPT records. Note: these 
two sample types are nearly always recorded at the same depth.  

 
Figure 3.1: Plan view of the SI borehole layout (open circles) and tunnel alignments (colored 
lines) for the (a) Queens ESA, (b) Northlink and (c) CRL projects. The different colored lines 
correspond to distinct tunnel borings. 

The horizontal spacing between boreholes is of particular relevance in UCT works due to 

the typically long, linear nature of the project extent. Along the main tunnel alignment, 

horizontal spacing between boreholes can exceed 50 m, often leading to significant uncertainty 

in ground conditions between boreholes. At tunnel stations, the spacing between boreholes is 

typically much less. Figure 3.2 presents the profile view of the distance to the nearest ESU/N1(60) 
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sample (ds) along the tunnel alignment for one tunnel in each of the projects. The horizontal axes 

are fit to the same scale for a more direct comparison, while the elevation is presented with 

respect to the tunnel crown elevation to aid in visualization. The distance to the nearest borehole 

sample can differ significantly across projects and within the same project. The Queens ESA 

project has the lowest ds values, and while the Northlink and CRL projects contain regions of 

similarly low ds, regions of significantly higher ds are also evident. This is particularly the case 

for the Northlink project where ds exceeds 100 m in several areas.  

 

Figure 3.2: Profile view of ds along a tunnel alignment for each of the three projects. 

The size of each geostatistical model space (simulation grid) used in this study includes 

the horizontal and vertical extent of all SI boreholes and extends, in the transverse direction, 100 

m on either side of the tunnel(s) alignments for each project. Figure 3.3 presents the empirical 

cumulative density function (ECDF) of ds for all locations in the geostatistical model space. The 
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distribution of ds for each of the projects differs significantly. The Queens ESA project exhibits 

significantly lower ds compared to the other two projects, with 95% of the locations being within 

25 m of a sample. The Northlink project exhibits the highest ds, with 30% of the locations 

exceeding 50 m.  

 

Figure 3.3: ECDF of ds for the three projects. 

3.3 Spatial Uncertainty Quantification 

While intuition would lead one to believe that lower ds equates to lower uncertainty in the 

parameter of interest, this assumption does not take into account the geological/geotechnical 

nature of the site. As discussed, the three project sites consist of distinct and unique depositional 

histories and geological settings. Therefore, in order to comprehensively assess the relationship 

between spatial uncertainty and site investigation effort, geostatistical simulations using the local 

approach presented in Chapter 2 are performed. These geostatistical simulations enable one to 

quantitatively take into consideration the geological nature of each project site and the spatial 

structure of the geotechnical data within each geological unit. 
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3.3.1 Spatial Structure Models 

The proportions of reported ESU samples in the three projects are presented in Figure 

3.4. The spatial characterization of the geological units were modeled using the transisition 

probability approach and the respective ESU transiograms. These transiograms represent the 

conditional probabilities of the same or another ESU a certain direction and distance (lag) from a 

known ESU at any point. 

 

Figure 3.4: Geological unit proportions in the three projects. 

The model variograms used in the geostatistical simulation represent the spatial 

correlation of the geotechnical data, and will significantly influence the resulting quantified 

spatial uncertainty. The key components of the variogram (nugget, sill and effective range) 

represent different components of the spatial structure of the data. The nugget represents the 

microscale variability and measurement error. The sill representes the overall (global) variability 

in a particular direction (e.g, horizontal or vertical). The effective range represents the lag 

distance at which the data are no longer spatially correlated (i.e., semivariance is 95% of sill).    

The spatial correlation structure (variogram) of geotechnical data is a result of the natural 

depositional history of the respective ESU, including the natural soil/rock composition. 

Variograms exhibiting strong spatial correlation will consist of low nugget and sill, and high 
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effective range. As the variogram nugget and/or sill increase, and/or as the effective range 

decreases, the spatial correlation is weaker.  

For the geostatistical parameter simulation, N1(60) is modeled using the SGS approach 

within the respective ESU and the model variograms presented in Figure 3.5. It can be observed 

that the data from the three projects provides a wide range of variogram structures, with differing 

nuggets, sills, effective ranges, anisotropy ratios and model types. Figure 3.6 summarizes the 

model variogram parameters: nugget, sill and horizontal effective range 𝜃𝑒𝑓𝑓. Some general 

trends with respect to variogram parameters and ESU type can be observed. Naturally variable 

geological units such as glacial deposits GT (Queens) and TLD (Northlink) exhibit the highest 

nuggest and overall semivariance (sills). More uniform geological units such as Fill & MGD 

(Queens), CCS (Northlink) and ER, F, T & V (CRL) exhibit lower nugget and sills. Comparing 

the sills across projects demonstrates that the variability is not necessarily consistent for similar 

soil types. For example, the glacial till (GT) in Queens ESA has a lower sill (i.e., less variable) 

than the till (TLD) in Northlink.  

 

Figure 3.5: Directional model variograms used in the simulation of N1(60). 
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The effective range will have an influence on the distance from sample data at which 

maximum uncertainty in N1(60) for the respective ESU occurs. Therefore, it is expected that the 

maximum uncertainty in geotechnical parameters for the respective ESU occurs at ds > 𝜃𝑒𝑓𝑓. 

ESUs exhibiting higher effective ranges include GT (Queens), CSG (Northlink) and EW & F 

(CRL). ESUs exhibiting lower effective ranges include MGD (Queens), CCS & TLD (Northlink) 

and EU (CRL). In addition, comparing 𝜃𝑒𝑓𝑓 for similar soil types acorss projects such as glacial 

till reveals a higher 𝜃𝑒𝑓𝑓 for GT (Queens) than TLD (Northlink).  

 

Figure 3.6: Summary of model variogram parameters. 

 The spatial correlation structure (i.e. variogram) of geotechnical data stems from the 

depositional characteristics of the respective ESUs and, therefore, site investigation effort 

(borehole spacing) does not contribute to the variogram parameters. However, the degree of site 

investigation effort does contribute to the uncertainty in the estimated variogram model 

parameters since data is required to infer the spatial correlation structure. There are several 

proposed approaches to estimating and quantifying uncertainty in the model variogram 

parameters, including subsampling, sampling unconditional random fields, etc. It is recognized 

that this uncertainty will impact the estimates of spatial uncertainty and examples of methods for 

assessing uncertainty in the variogram are presented in Appendix B. However, the influence of 
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variogram model uncertainty on the spatial uncertainty quantification is beyond the scope of this 

paper. 

3.3.2 Geostatistical Simulation 

Geostatistical simulation of ESU and N1(60) was performed using the local approach 

presented in Chapter 2.  For the spatial uncertainty quantification of the ESU, 100 realizations of 

the ESUs were generated in the geostatistical model simulation for each project. For N1(60), 100 

realizations within each of the ESU realizations (total of 10,000 realizations) were generated for 

the purpose of spatial uncertainty quantification. The results of these simulations are summarized 

in Figures 3.7 to 3.9. The example realizations (a, b) are considered to be statistically possible 

predictions of the ground conditions, while the most probable and mean (c, d) of the predictions 

are generalized, smoothed estimates. The spatial uncertainty (e, f) is determined by the 

distribution of individual realizations at each location in the simulation model.  

For the quantification of spatial uncertainty in ESU, the Shannon entropy, HNORM, is 

reported. The normalized information entropy is a relative measure of ‘missing information’ i.e., 

the amount of information required for a completed probabilistic description of the system. It is 

equal to 0 when no uncertainty exists (i.e., there is only one possible outcome) and 1 when 

uncertainty is at a maximum (i.e., all outcomes are equally probable). Examination of the HNORM 

profiles across projects reveals that the highest uncertainty generally occurs around transitional 

boundaries between ESUs. This is expected, since homogeneous ESUs can be predicted with 

high confidence in the center of thick, expansive layers, while the transition boundaries between 

different units will generally be more variable and uncertain. An exception to this would be 

regions where lenses of one or more units are prevalent within a broader unit (e.g., Northlink 

CCS and CSF lenses within the CSG unit). Comparing the example realization with the most 



83 
 

probable or mean profile also provides some insight into the resulting spatial uncertainty. For 

example, the single realization and most probable geological unit profiles for the Queens ESA 

project appear quite similar, and thus the corresponding uncertainty is low. Conversely, the 

geological profiles for the Northlink and CRL projects reveal more discrepancies between the 

example realization and the most probable, corresponding to higher spatial uncertainty. 

The spatial uncertainty in N1(60) is assessed in terms of the standard deviation 𝜎𝑁1(60) for 

the 10,000 realizations at each respective simulated location. Here, a higher 𝜎𝑁1(60) corresponds 

to a higher range in statistically probable values of N1(60) at the respective simulated location. 

Examination of the 𝜎𝑁1(60) profiles reveals that the spatial uncertainty varies both within each 

respective project and across all three projects. Similarly to the ESU profiles, as individual 

realizations in the N1(60) profiles exhibit more homogeneous spatial trends and resemble the mean 

N1(60) profile more closely, the corresponding uncertainty is lower than regions with more 

heterogeneous spatial trends. This can be directly tied to the variogram representing the spatial 

structure of N1(60) for the respective ESU. For example, in the Queens ESA project, regions 

where MGD soils are present coincide with lower uncertainty compared to regions of GT soils, 

which is a result of the zero nugget and lower sill of N1(60) for MGD compared with high nugget 

and sill values for GT.  

Further evaluation of the uncertainty profiles in Figures 3.7 to 3.9 reveals two significant 

observations. First, 𝜎𝑁1(60) does not necessarily appear to be directly related to HNORM at the 

respective node (i.e., higher HNORM does not always imply higher 𝜎𝑁1(60)). The second 

observation is when comparing the uncertainty profiles with the ds profiles (Figure 3.2), the two 

profiles exhibit different trends. This is further evidence that spatial uncertainty is dependent on 

other factors in addition to ds. If spatial uncertainty was only influenced by ds, the two profiles  
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Figure 3.7: Geostatistical simulation results for Queens ESA. 
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Figure 3.8: Geostatistical simulation results for Northlink. 
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Figure 3.9: Geostatistical simulation results for CRL. 
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would exhibit similar trends. However, this is not the case here, implying that other factors also 

contribute to the spatial uncertainty 

 To compare the spatial uncertainty across the three projects in more detail, Figure 3.10 

presents the ECDF of the respective quantified spatial uncertainties along the tunnel alignment. 

For both ESU and N1(60), the average and distribution of uncertainty differs across the projects. 

With respect to uncertainty in ESU (Figure 3.10 a), the Queens ESA project exhibits the lowest 

overall (mean) uncertainty while the Northlink project exhibits the highest. In fact, there appears 

to be a trend with respect to SI effort and uncertainty in ESU (ranks of mean HNORM follow ranks 

of SI effort). Furthermore, the fraction of simulated values that have HNORM = 0 is high for 

Queens ESA and CRL, and low for Northlink. The denser borehole spacing in the Queens ESA 

and CRL projects relative to Northlink contribute to the high number of instances of zero 

uncertainty in ESU. 

 

Figure 3.10: ECDF of uncertainty in ESU (a) and N1(60) (b). 

For N1(60), however, there does not appear to be a trend with respect to SI effort and 𝜎𝑁1(60). The CRL project exhibits the lowest uncertainty in N1(60). The Northlink project the 
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highest average uncertainty in N1(60), with the Queens ESA project exhibiting similar levels of 𝜎𝑁1(60).  
The fact that there is not a clear relationship between general SI effort and levels of 

uncertainty in N1(60) suggests that other factors contribute to spatial uncertainty in addition to ds. 

This implies that additional SI will not necessarily guarantee a reduction in the overall spatial 

uncertainty in this geotechnical parameter without consideration of other variables. Granted, 

additional samples will reduce the uncertainty to zero at the sample locations. On the other hand, 

higher SI efforts demonstrate to reduce the uncertainty in ESU. This conveys that as more dense 

sampling data is available, the interpolation between samples can be made with higher 

confidence according to the geostatistical model. 

3.4 Uncertainty vs. Sampling Distance 

To verify that spatial uncertainty is not solely a function of ds, as indicated by comparing 

the uncertainty and ds profiles, ds versus HNORM and 𝜎𝑁1(60) are presented in Figures 3.11 and 

3.12, respectively. The sample distance, ds, is binned in 5 m increments and the 90% confidence 

interval is represented by error bars. With regards to HNORM versus ds, each of the projects 

exhibit distinctively different trends. The Queens ESA project exhibits almost no uncertainty at 

small sample distances and then gradually increases to a maximum HNORM at ds ~ 30 m. The 

CRL project exhibits the opposite, where the highest uncertainty occurs and small sample 

distances and then decreases. However, this is somewhat misleading, as the bedrock layer (EU) 

dominates much of the project extent and most simulated locations at ds > 50 m are in the EU 

layer. The Northlink project exhibits near constant average HNORM with ds. 
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Figure 3.11: HNORM vs ds. The 90% intervals are represented by error bars. 

For the uncertainty in N1(60), 𝜎𝑁1(60) versus ds is plotted for both all simulated nodes 

(global) in each project and for each geological unit according to the most probable geological 

model (i.e., Figures 3.7 - 3.9 c). Across the three projects, the global relationship is quite similar 

in the maximum 𝜎𝑁1(60). However, the rate of change in  𝜎𝑁1(60) vs ds differs, with Northlink 

exhibiting a sharp increase in 𝜎𝑁1(60) after 5 m while Queens and CRL exhibit a more gradual 

increase. It can also be observed that 𝜎𝑁1(60) reaches a distance beyond which 𝜎𝑁1(60) does not 

increase significantly. This distance is approximately 25 m for Queens, 10 m for Northlink and 

40 m for CRL. These ranges imply that additional samples beyond  𝜎𝑁1(60) does not increase 

significantly would not yield any significant reduction in uncertainty. 

Examination of 𝜎𝑁1(60) versus ds for individual ESUs reveals that this relationship often 

significantly differs from the global trend. For example, 𝜎𝑁1(60) of MGD (Queens) is lower than 

the other units as well as the global trend. 𝜎𝑁1(60) in TLD (Northlink) is much higher than the 

global trend and all other units. In CRL, the individual geological units exhibit a wide spread in 
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𝜎𝑁1(60), with the high proportion of EU samples relative to all other samples appearing to skew 

the global trend higher. The rate of increase and convergence distance also differs for the 

individual ESUs. Some units exhibit a more gradual increase in 𝜎𝑁1(60) with ds, such as MGD 

(Queens) and T (CRL), while others reach maximum average 𝜎𝑁1(60) at ds < 15 m, such as TLD 

(Northlink) and EU (CRL).  

The results in Figure 3.12 verify that spatial uncertainty in geological and geotechnical 

parameters is a function of other variables in addition to ds. This presents the need to assess the 

influence of other factors such as sample variance, uncertainty in geological variability, effective 

range and other variables on the quantified spatial uncertainty in N1(60).  

3.5 Variable Importance in Uncertainty Quantification 

In efforts to better understand contributing factors with respect to 𝜎𝑁1(60), the influence 

of several variables on 𝜎𝑁1(60) need to be assessed. This can be achieved using Variable (or 

Feature) Importance (VI) measures from predictive models such as linear and non-linear 

regressions and machine learning algorithms. VI represents a measure of dependence between 

the input and output variables of a predictive model (Wei et al. 2015). Other metrics for ranking 

the relevance of input variables include mutual information (Battiti 1994) and Variable (or 

Feature) selection (Guyon and Elisseeff 2003).  

Variable selection and importance approaches are broadly categorized into three classes: 

filter-based methods, wrapper-based methods, and embedded methods (Guyon and Elisseeff 

2003). The difference lies in how the models combine model inference with the selection step. In 

this study, three methods for VI ranking are employed: mutual information (filter-based), several 

different machine learning algorithms (wrapper and ensemble-based) and a wrapper-based  
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Figure 3.12: 𝜎𝑁1(60) vs ds for the three projects including the global relationship (black points) 

and the relationship by geological units. The 90% intervals are represented by error bars. 
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feature selection using random forests. All of these methods provide a rank of VI for the input 

variables, but in different forms. Mutual information provides a relevancy/redundancy score for 

each of the variables. Machine learning algorithms return an importance score on a scale of 0-

100 for each of the variables, with higher score corresponding to greater importance in the model 

prediction. Feature selection returns a score on the same scale as machine learning algorithms, 

but also determines if omission of any variables improves the prediction. 

The variables selected for the assessment of VI are summarized in Table 3.6. These 

variables were selected based on hypothesized correlations to quantified spatial uncertainty due 

to their relevance to the geostatistical simulations and spatial variance structure of the data. The 

average and range of the selected variables for each geological unit assessed in this study are 

presented in Table 3.7. One particular limitation of using HNORM as a variable is that it is also 

influenced by ds. It would be more appropriate to use a measure of geological complexity if such 

a measure exists.  

Table 3.6: Selected variables for the importance assessment. 

Variable Description 𝒅𝒔 The distance to the nearest borehole sample.  𝝈𝑩𝑯 
The standard deviation in recorded N1(60) for the respective ESU according 
to the borehole data only. 𝜸𝑩𝑯 
The skewness of the recorded N1(60) for the respective ESU according to 
the borehole data only.  𝑯𝑵𝑶𝑹𝑴 
Quantified uncertainty in ESU prediction from the geostatistical 
simulation for the respective simulation node.  𝜽𝒆𝒇𝒇 
The effective range for which the model variogram reaches 95% of the 
sill. 

nugget The nugget of the variogram model for the respective ESU.  
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Table 3.7: Average and range of the selected variables for the importance assessment. 

ESU 𝝈𝑵𝟏(𝟔𝟎) 𝝈𝑩𝑯 𝒅𝒔 𝑯𝑵𝑶𝑹𝑴 𝜸𝑩𝑯 𝜽𝒆𝒇𝒇 nugget 

FILL 37 (9-82) 41 27 (2-91) 0.23 (0-0.67) 8.5 305 80 

MGD 20 (3-47) 8 15 (1-69) 0.29 (0-0.69) 3.2 172 0 

GT 45 (10-114) 56 28 (1-106) 0.26 (0-0.75) 5 308 550 

CCS 38 (6-80) 26 50 (1-139) 0.32 (0-0.84) 3.9 133 167 

CSF 37 (12-83) 41 32 (4-108) 0.44 (0-0.83) 4.9 228 195 

CSG 39 (6-91) 44 50 (1-147) 0.23 (0-0.82) 3.2 422 365 

TLD 70 (20-156) 91 45 (1-147) 0.33 (0-0.78) 12.4 124 468 

ER 21 (3-52) 23 26 (3-64) 0.51 (0.03-0.91) 15.4 256 13 

EW 32 (6-69) 36 28 (2-86) 0.50 (0.03-0.91) 4.5 357 216 

EU 45 (18-87) 55 42 (2-113) 0.08 (0-0.92) 3.7 126 0 

F 25 (8-54) 18 30 (3-95) 0.32 (0-0.91) 4 629 46 

T 12 (1-37) 5 28 (4-61) 0.37 (0-0.98) 4 252 0 

V 18 (5-30) 46 31 (5-61) 0.38 (0.03-0.86) 12.4 246 35 

 

Prior to the VI assessment, pair-wise correlations between all variables were examined 

(Figure 3.13). A high correlation exists between 𝜎𝑁1(60) and 𝜎𝐵𝐻 with a correlation coefficient of 

0.701. All other pairs of variables do not demonstrate a strong linear correlation. The strong 

linear correlation between 𝜎𝑁1(60) and 𝜎𝐵𝐻 should be expected, as the geostatistical simulation 

aims to match the distribution of the borehole (conditioning) data. Consequently, ESUs of higher 

variability in N1(60) (i.e., 𝜎𝐵𝐻) will generally exhibit a higher spatial uncertainty.  

Considering the recommendation to omit variables with a bivariate correlation of more 

than 0.70 in multiple regression analysis (Tabachnick and Fidell 1996), 𝜎𝑁1(60) is normalized by 𝜎𝐵𝐻 for the respective geological unit (according to the most probable model) (equation 3.1). 

This also allows for closer examination of the VI for other variables in the assessment. �̂�𝑁1(60) = 𝜎𝑁1(60)𝜎𝐵𝐻       (3.1) 
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Figure 3.13: Correlation matrix of parameters used in VI. 

3.5.1 Mutual Information 

A common mutual information approach that has demonstrated value across a range of 

applications is the minimum redundancy maximum relevance (mRMRe) algorithm (Battiti 1994; 

Estévez et al. 2009). This algorithm measures the importance of variables based on a ‘relevance 

penalized by redundancy’ measure. In this study, the R package varrank was used to extract the 

MI metrics (Kratzer and Furrer 2018). Figure 3.14 presents the score matrix with the color-coded 

key legend and distribution of scores. The scores for each variable are read from the diagonal 

with higher scores corresponding to higher importance (relevance) and negative values 

corresponding to redundancy. The results convey that the variable nugget has the highest 
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relevance, with variables ds and HNORM also having relevancy. The variables 𝜃𝑒𝑓𝑓 and 𝛾𝐵𝐻 are 

considered to be redundant.  

 

Figure 3.14: Mutual information score matrix. 

3.5.2 Machine Learning Algorithms 

Machine learning algorithm approaches have become an increasingly common method 

for developing prediction models, including in geotechnical engineering (Puri, Prasad, & Jain, 

2018; Shahin, 2014; Yousefpour & Fallah, 2018). Computers can use machine learning 

algorithms to learn from existing data without being explicitly programmed. This is particularly 

useful when relationships between variables are multi-variate and non-linear. The approaches 

typically involve randomly selecting a subset of the data to train the models and use the 

remaining data for validation. In addition to developing models to predict outcome variables, 

machine learning algorithms also provides metrics on the rank/importance of the input variables.  

Common machine learning methods applied in general geosciences literature include K-

Nearest Neighbor (KNN), Artificial Neural Networks (ANN), Support Vector Machines (SVM) 
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and Random Forest (RF), among others (Lary et al. 2016). These methods differ in philosophy 

and methodology in developing the predictive models. KNN is one of the simplest learning 

algorithms and is based on feature (variable) similarity. The predictions of new data points are 

determined by how closely out-of-sample features resemble the training set. KNN requires no 

assumptions about the data (e.g. non-linearity) and is often highly accurate, although it can be 

sensitive to irrelevant features and the scale of the data.  ANN consists of interconnected groups 

of neurons through which input variables from the data are passed as a multi-variable 

combination. Since neural networks have many layers with non-linearity, they are effective at 

modeling complex relationships. However, ANNs require a lot of training data to achieve high 

performance and the resulting models are typically not easy to interpret. SVM searches for 

decision boundaries (hyperplanes) in an N-dimensional space (N being the number of input 

variables) that distinctly classify data points. Points falling on either side of the hyperplanes can 

be attributed to different classes. SVM works best with smaller, cleaner datasets, and is less 

effective on noisier datasets with overlapping classes. Lastly, RF consists of an ensemble of 

decision tress. In a decision tree, one traverses down the branches of the tree and selects the next 

branch to go down based on a decision at a node. While powerful for learning highly non-linear, 

complex relationship, RF are prone to overfitting. 

In this study, the R package caret was utilized to train several different MLAs (Kuhn 

2008). 80% of the data was selected for the training of all the models, while the remaining 20% 

was used for validation. A 10-fold cross-validation training was performed for all methods. Since 

the objective of this study is to assess variable importance rather than develop the most accurate 

predictive model, limited manual tuning of the machine learning parameters was performed. 

Figure 3.15 presents the VI results from four machine learning methods: a classical KNN 
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algorithm, knn, as described in (Duda et al. 2012); a two layer neural network function, brnn, as 

described in  (Mackay 1992) using the  Nguyen and Widrow algorithm (Nguyen and Widrow 

1990); the support vector machine, svm, as documented in (Chang and Lin 2013); and a 

conditional random forest function, cforest, described in (Breiman 2001; Strobl et al. 2007).  

 

Figure 3.15: VI metrics from four machine learning algorithms. 

Comparing the VI from each of the machine learning methods in Figure 3.15 (a), it is 

apparent that the rank order of the variables from the RF algorithm (cforest) differs from the 

other three machine learning algorithms. In fact, it is not uncommon for different MLA to 

produce different ranks and VI metrics. This is due to the fact that different machine learning 

algorithms make different assumptions and compute importance is different ways. Taking the 

average VI for all methods (Figure 3.15 b) reveals that 𝐻𝑁𝑂𝑅𝑀 generally has the highest 

influence on �̂�𝑁1(60) followed by nugget and ds. The remaining parameters 𝜃𝑒𝑓𝑓 and 𝛾𝐵𝐻 

generally exhibit lesser importance.  

3.5.3 Variable Selection 

Variable (or Feature) Selection is another common approach to test if any variables are 

either redundant or irrelevant and could be removed without loss of information (Guyon and 

Elisseeff 2003). These methods can be either filter, wrapper or embedded-based, depending on 

how they combine the selection algorithm and model building. In this study, a backwards 
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selection algorithm, recursive feature elimination, was implemented using the R package caret. 

This wrapper-based method was performed using a random forest model with a 10-fold cross-

validation.  

Figure 3.16 presents the results of the Variable Selection in terms of the root mean 

squared error (RMSE) of the model prediction with respect to the number of variables used for 

the prediction. The results convey that use of four of the variables produces the most accurate 

model, with the inclusion of a fifth variable producing essentially the same accuracy. The rank of 

the variables from highest to lowest according to this method are 𝐻𝑁𝑂𝑅𝑀, ds, nugget, 𝛾𝐵𝐻 and 𝜃𝑒𝑓𝑓. 

 

Figure 3.16: Results of the variable selection (VS). 

3.5.4 Rank Comparison 

The variable importance ranks from the mutual information, average machine learning 

algorithms and variable selection approaches are summarized in Table 3.8. The three approaches 

are generally in agreement with the VI rank, with variables ds, 𝐻𝑁𝑂𝑅𝑀 and nugget having the 

highest influence on �̂�𝑁1(60), while 𝜃𝑒𝑓𝑓 and 𝛾𝐵𝐻 have lesser influence. Notably, ds is not the 

highest ranked variable in any of the approaches. It is evident that in addition to ds the variables 𝐻𝑁𝑂𝑅𝑀 and nugget have a significant influence on �̂�𝑁1(60), which is not surprising given the 
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following: (a) geological variability and uncertainty propagates to variability and uncertainty in 

geotechnical parameters, since the parameters are geology-dependent; and (b) random and 

measurement errors (as represented by nugget) will influence the uncertainty quantification 

regardless of spatial characteristics. 

Table 3.8: Variable importance ranks based on the three approaches. 

Rank Mutual Information 
Average Machine 

Learning 
Variable Selection 

1 nugget 𝐻𝑁𝑂𝑅𝑀 𝐻𝑁𝑂𝑅𝑀  

2 ds nugget ds 

3 𝐻𝑁𝑂𝑅𝑀 ds nugget 

4 𝜃𝑒𝑓𝑓 𝜃𝑒𝑓𝑓 𝛾𝐵𝐻 

5 𝛾𝐵𝐻 𝛾𝐵𝐻 𝜃𝑒𝑓𝑓 

 

3.6 Conclusions 

In this study, the levels of uncertainty in ESU classification and a representative 

geotechnical parameter N1(60) encountered in three distinct UCT projects were assessed. These 

projects enable a broad assessment of different project scales, degrees of SI effort and geological 

conditions, and the corresponding uncertainties. The results of this analysis revealed that spatial 

uncertainty can differ significantly both within a project and across projects. Furthermore, while 

a higher degree of SI effort leads to lower average uncertainty in the ESU estimation, the same is 

not necessarily the case for absolute measures of uncertainty in N1(60). Furthermore, it is clearly 

evident that quantified spatial uncertainty in N1(60) is influenced by other factors in addition to 

sample spacing.  

The VI analysis reveals that the spatial uncertainty in N1(60) is highly correlated with the 

overall variability in borehole N1(60) for the respective ESU. After normalizing the spatial 

uncertainty in N1(60) by the overall standard deviations, the VI reveals that uncertainty in 

geological variability (HNORM), distance to the nearest sample ds and measurement error (nugget) 
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are the most influential factors contributing to the quantified spatial uncertainty. However, 

HNORM is not independent of ds and an independent measure of geological complexity would be a 

more appropriate variable to assess the contribution of geological variability on spatial 

uncertainty in N1(60). Other factors such as effective range and parameter skewness may also 

contribute to the spatial uncertainty, but to a lesser degree than others.  

Conveniently, two of the primary variables contributing to on spatial uncertainty in N1(60) 

(ds and HNORM) can be controlled through SI effort. Other variables including nugget and 

effective range cannot be controlled by SI, but instead are a result of the natural deposition 

processes. These findings convey the challenge and complexity of designing site investigations 

to minimize spatial uncertainty, particularly with respect to geotechnical parameters. A sound 

understanding of both the geological conditions and the distribution of geotechnical parameters 

is required in order to determine optimal sample spacing/layouts for ground characterization in 

UCT works. Perhaps the ability to quantify geological complexity and/or looking in more detail 

at normalized measures of geotechnical parameter uncertainty will provide more insights on the 

relationship between SI efforts and spatial uncertainty.   
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CHAPTER 4  

TUNNEL RISK MAPPING AND MITIGATION PLANNING BASED ON GEOTECHNICAL 

UNCERTAINTY   

A paper to be submitted to a tunneling or geotechnical journal. 

Abstract 

Clogging and cutter tool wear are two critical risks associated with mechanized tunneling 

in soils. Both of these risks can lead to TBM stoppage, resulting in loss of production and 

requiring dangerous interventions. The spatial variability in geotechnical parameters pertaining 

to these risks can lead to significant uncertainties, particularly given that soil sampling is 

typically limited and sparse. This paper employs geostatistical techniques to better characterize 

the ground conditions in the Northlink project as they pertain to clogging potential and cutter 

tool wear estimation. Both geology (engineering soil units) and geotechnical parameters are 

modeled in a stochastic framework to spatially characterize the range of potential ground 

conditions at any location along the tunnel alignment. These results are extended to mitigation 

planning that considers the spatial variability and uncertainty, which cannot be accounted for in 

conventional deterministic approaches.  

4.1 Introduction 

 It is well known that clogging and cutter tool wear are two significant risks associated 

with tunneling in soils (Guglielmetti et al. 2007). Excessive clogging of the TBM cutterhead, 

chamber and/or screw conveyor can result in TBM stoppage, leading to significant project 

delays, interventions and potential damage to equipment. Excessive cutter tool wear can result in 

decreased TBM performance and increased interventions, both leading to project delays and 
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increased costs. Adequate mitigation planning for both of these risks is essential for successful 

and timely completion of the project.  

The clogging and cutter tool wear potential of soils are highly influenced by their 

geotechnical parameters, which are inherently variable and uncertain along a tunnel alignment. 

Consequently, in order to properly plan for mitigation procedures to minimize these risks, the 

spatial variability and uncertainty in relevant geotechnical parameters needs to be well 

understood. This paper presents a new approach for the development of 3D geotechnical models 

with the purpose of assessing and communicating risk for clogging and cutter tool wear in soft 

ground tunneling. Specifically, this paper explores how spatial variability and uncertainty carries 

forward into clogging risk and cutter tool wear risk. The potential value of capturing spatial 

variability and uncertainty with respect to risk assessments and mitigation planning is also 

addressed. 

 To demonstrate this approach, data from the Northgate Link Extension in Seattle, WA is 

utilized. This project consisted of twin 5.6 km tunnels excavated by 6.64 m diameter earth 

pressure balance machines in highly variable glacial and alluvial deposit soils. The geology 

consists of six major engineering soil units (ESUs) identified in the GBR of the project (See 

Table 2.1 in Chapter 2). The geological profile according to the geotechnical baseline report 

(GBR) is presented in Figure 4.1.  

The first half of this paper presents the analysis of clogging risk and compares water 

injection regimes to mitigate clogging according to the GBR (deterministic) and geostatistical 

models. The section half of this paper presents the analysis of cutter tool wear risk and compares 

the forecasted cumulative number of tools that require replacement according to the GBR and 
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geostatistical models. Both clogging and cutter tool wear mitigation plans are compared to actual 

mitigation measures taken during the project. 

 

Figure 4.1: Geological profile of the Northgate Link Extension tunnels according to the GBR 
(Elevation with respect to MSL). 

4.2 Clogging Potential 

There are various opinions regarding the assessment of the clogging susceptibility of 

soils. While just one such opinion is adopted in this study, any closed form formulation could be 

applied to the approach presented herein. Thewes and Hollmann (2015) suggest the clogging 

potential of soils is dependent on the clay content (grains < 0.002 mm) and mineral type. Since 

clay content is not identical with the content of clay minerals, the clogging potential of cohesive 

soils must be evaluated according to different properties, namely, natural water content (𝑤𝑐), the 

liquid limit and the plastic limit. At the plastic limit (PL), soils change from very stiff to stiff 

consistency, resulting in plastic behavior. At the liquid limit (LL), the soil changes to a liquid 

consistency, which has no further cohesive bonding. Therefore, the clogging potential of soil can 

be determined by evaluating the combination of consistency (𝐼𝑐) and plasticity (𝐼𝑝) indices 

(Thewes and Burger 2004):  𝐼𝑐 = 𝐿𝐿−𝑤𝑐𝐼𝑝        (4.1) 

𝐼𝑝 = 𝑃𝐼 = 𝐿𝐿 − 𝑃𝐿     (4.2) 
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According to (Maidl et al. 2012), the ideal 𝐼𝑐 to mitigate the clogging potential and serve 

as a suitable face pressure support medium in the chamber is 0.4-0.5. In this study, 𝐼𝑐 = 0.5 is 

selected as the threshold for soils susceptible to clogging. The consistency index of soil can be 

reduced by increasing 𝑤𝑐. It is common practice to inject water through the cutterhead and/or 

into the chamber to both improve the consistency (soften the material to promote flow) and to 

mitigate clogging, i.e., reduce stickiness. Other agents such as foam and polymer can also be 

used to mitigate for clogging. However, the clogging mitigation analysis via foam and polymer, 

while possible using the method herein, is beyond the scope of this paper. 

For the Northgate Link tunnel project, 𝐼𝑐 samples are only obtained in cohesive ESUs – 

CCS (cohesive clay and silt) and RCS (recent clay and silt). The other ESU groups are deemed to 

pose no clogging potential due to the cohesionless nature of those soils (note: glacial till soils 

often exhibit clogging potential, however, due to lack of 𝐼𝑐 sampling data in this project, till 

cohesion is neglected in this analysis). A total of 207 𝐼𝑐 samples were collected over the project 

extent as illustrated in Figure 4.2. Here, it can be observed that there is significant spatial 

variability in 𝐼𝑐. For example, at chainage 37.5 km, both very high (𝐼𝑐 > 1.5) and very low (𝐼𝑐 = 

0) values are present. In addition, 𝐼𝑐 is generally lower between chainage 39-40 km than other 

sections of the alignment. Overall, it is evident that 𝐼𝑐 values can vary dramatically over short 

(~100 m) chainage distances.  

 

Figure 4.2: Location of samples from which Ic was determined (elevation with respect to MSL). 
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Figure 4.3 (a, b) presents the borehole sample data overlaying Thewes clogging potential 

chart (Thewes and Hollmann 2015) along with the empirical cumulative density (ecdf) of 𝐼𝑐. The 

distribution of volume of water, 𝑉𝑎𝑑𝑑, required to reduce 𝐼𝑐 of the sample to ≤ 0.5 is presented in 

Figure 4.3 (c). 𝑉𝑎𝑑𝑑 is expressed in terms of m3 per meter of tunnel excavation (mexc). From the 

ecdf of 𝐼𝑐 (Figure 2b), the probability of clogging (i.e., 𝐼𝑐 > 0.5) without water injection for ESUs 

CCS and RCS are 98% and 44%, respectively. However, the limited data in RCS soils (18) due 

to limited presence of this soil type lowers the confidence in the true distribution of 𝐼𝑐 for this 

ESU, as illustrated by the blue shaded Kolmogorov-Smirnov 95% confidence intervals of the 

true distribution in 𝐼𝑐 (Bickel and Doksum 2001). Consequently, the true probability of 𝐼𝑐 > 0.5 

for RCS lies somewhere between 11 - 75%. For CCS, the 95% confidence interval ranges from 

88-100%. 

 

 

Figure 4.3: (a) Clogging potential per Thewes – values above red dashed line correspond to 
clogging soils; (b) empirical cumulative distribution function of Ic – values to right of red line 
correspond to clogging soils; (c) empirical cumulative distribution function. Green and blue 
ribbons in (b) and (c) correspond to the Kolmogorov-Smirnov 95% confidence intervals of the 
true distribution. 

4.2.1 Deterministic Clogging Assessment and Mitigation Plan 

The proportion of excavated ground to exhibit clogging without water injection will be a 

function of both the proportion of soil types (ESUs) and their respective probability of clogging 
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(i.e., 𝐼𝑐 > 0.5). For a deterministic clogging assessment, the proportion of clogging in the circular 

cutting area of the cutterhead, 𝑃𝑐𝑙𝑜𝑔𝑔, without the addition of water injection is estimated by the 

proportion of cohesive soils %𝐶𝐶𝑆100  in the cutting window (according to the GBR geological 

profile) and the probability of 𝐼𝑐 > 0.5 for CCS: 𝑃𝑐𝑙𝑜𝑔𝑔 = 𝑃(𝐼𝑐 > 0.5) ∗ %𝐶𝐶𝑆100      (4.3) 

Figure 4.4 presents the deterministic 𝑃𝑐𝑙𝑜𝑔𝑔 vs. chainage. 𝑃(𝐼𝑐 > 0.5) for CCS was taken 

as 98%, according to the distribution of borehole sample data (Figure 4.3 b). This assessment is 

‘deterministic’ in the sense that it relies on a single geological profile without consideration for 

the uncertainty in the true geological conditions to be encountered. Furthermore, it relies on a 

single statistical measure of 𝑃(𝐼𝑐 > 0.5) without considering the regional (i.e., surrounding 𝐼𝑐 

values) and spatial (i.e., spatial correlation) trends and uncertainty. Note, the GBR geological 

profile assumes constancy into the page.  

 

 

Figure 4.4: The proportion of clogging vs chainage based on the (deterministic) GBR 2D 
geological profile. The background geology corresponds to the proportion (0-100%) of each 
ESU within the tunnel horizon. 
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The water injection to mitigate for the deterministic estimate of clogging is presented in 

Figure 4.5. Three water injection regimes are presented according to the distribution of 𝑉𝑎𝑑𝑑 for 

all borehole samples (Figure 4.3 c), weighted by the proportion of cohesive soils, %𝐶𝐶𝑆100 : (1) the 

average 𝑉𝑎𝑑𝑑 for borehole samples (𝑉𝜇); (2) the average plus 2 standard deviations (𝑉𝜇+2𝜎); (3) 

the minimum 𝑉𝑎𝑑𝑑 such that the maximum post-water injection 𝑃𝑐𝑙𝑜𝑔𝑔 is 5%, referred to herein 

as 𝑉5%. One limitation to this approach is if the water injection is very high but the actual 𝐼𝑐 is 

already low (< 0.5), the excess addition of water will turn the clay into a liquid consistency, 

making the material hard to manage in the screw conveyor of the TBM.  

 

  

Figure 4.5: The different quantities of water injection required to mitigate clogging according to 
the deterministic approach. 

4.2.2 Clogging Geostatistical Model 

To account for spatial variability and uncertainty in clogging risk assessment, the 

geostatistical simulation procedure outlined in Chapter 2 is implemented. The results of the 

geological (ESU) simulation (from 100 realizations) are summarized in Figure 4.6. The spatial 

resolution of the simulation grid is 10x10x1 m. The elevation is plotted with respect to the 
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elevation of the tunnel crown to aid in visualization. Figure 4.6 (a) shows an example of one 

realization from the simulation. Each realization is considered to be statistically possible 

predictions of the true geological conditions, while the most probable (Figure 4.6 b) is 

considered a smoothed/generalized profile of the geology.  

The uncertainty in the predicted ESU at each simulated node in Figure 4.6 (c) reveals that 

regions of both high (HNORM = 1) and low (HNORM = 0) uncertainty are present (Shannon 1948). 

HNORM = 1 implies all ESUs are equally probable at the respective location, while HNORM = 0 

corresponds to 100% certainty in the ESU prediction. The probability of cohesive ESUs (CCS 

and RCS) to exist at each simulation node is presented in Figure 4.6 (d). Note the gradation of 

uncertainty around geological boundaries conveying the uncertainty in transitions between 

cohesive and non-cohesive soil types. 

To assess the proportion of clogging and determine 𝑉𝑎𝑑𝑑 to mitigate clogging risk 

according to the geostatistical model, three geotechnical parameters are spatially characterized: 

water content, liquid limit and plastic limit. The 3D variograms of each of these parameters for 

RCS and CCS soils are presented in Figure 4.7. Due to the limited RCS soils, the spatial 

structure of the geotechnical parameters for this unit is assumed to be the same as that of the 

CCS soils. The consequence of this assumption will be minimal, as the proportion of RCS soils, 

particularly within the tunnel horizon, is negligible. For water content, all other ESU types 

contain a unique variogram (refer to Figure 2.5 for ESU-specific water content variograms). In 

the simulation, the variograms presented here are applied to simulation nodes where RCS or 

CCS are predicted in the individual realizations of the ESU simulation. These variograms along 

with the borehole (training) data are transformed to a normal distribution prior to the 
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geostatistical simulation and then back-transformed to the original data space after the 

simulation. 

 

Figure 4.6: Results of the ESU simulation (Elevation with respect to tunnel crown elevation). 
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Figure 4.7: Horizontal and vertical direction variograms of the geotechnical parameters used in 
the geotechnical parameter simulation. 

For the stochastic simulation of the geotechnical parameters, 100 realizations for each of 

the geological (ESU) realizations (total 10,000 realizations) are generated. Figure 4.8 presents 

example realizations of each of the three geotechnical parameters along with the calculated 𝐼𝑐 

from the simulated geotechnical parameters at each simulation node. The trends in geotechnical 

parameters follow the ESU profile. For example, the predicted water content is higher in the 
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regions of cohesive soils and the Atterberg limits convey non-plastic soils in cohesionless units. 

These realizations capturing the heterogeneity in the geotechnical parameters are considered to 

be statistically possible predictions of the true ground conditions. 

 

Figure 4.8: Example realizations from the geotechnical parameter simulations for (a) water 
content, (b) liquid limit, (c) plastic limit and (d) consistency index. 

The summary of the geotechnical parameter simulation (in terms of 𝐼𝑐) is presented in 

Figure 4.9. Figure 4.9 (a) presents the mean 𝐼𝑐 of the 10,000 realizations. The mean of the 
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realizations is considered to be a smoothed interpretation of 𝐼𝑐 but not a prediction of the true 

conditions (individual realizations are considered actual predictions). The uncertainty in 𝐼𝑐, in 

terms of standard deviation 𝜎𝐼𝐶, is presented in Figure 4.9 (b). This profile reveals that the 

uncertainty in 𝐼𝑐 is medium to high over a considerable portion of the alignment, and the 

magnitude for 𝜎𝐼𝐶 varies spatially. While the highest uncertainty (𝜎𝐼𝐶 > 1.5) exists in regions of 

high likelihood for CCS and RCS soils (due to the local variability in 𝐼𝑐), regions of moderate 

uncertainty (𝜎𝐼𝐶  = 0.5-1.5) are of notable interest because they reflect the uncertainty for 

clogging soils to exist at all. This uncertainty profile provides further insight to the possible 

location/extent of clogging soils that deterministic models cannot convey.  

 

Figure 4.9: Results of the geotechnical parameter simulation to model consistency index and 
corresponding probability of 𝐼𝑐 > 0.5. 
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Similar to the uncertainty profile, the probability profile (Figure 4.9 c) conveys 

locations/extents of the alignment where there is any probability for clogging soils (𝐼𝑐 > 0.5) to 

exist (again, which a deterministic model cannot convey). Furthermore, the probability profile 

enables identification/verification of locations where there is effectively zero probability of 

encountering clogging soils during excavation. This model is validation for where entirely 

noncohesive soils exist along the alignment, and thus no clogging mitigation measures are 

required.  

To assess the proportion of clogging as estimated from the geostatistical simulation, the 

proportion of excavated soil with  𝐼𝑐 > 0.5 is estimated from each individual realization by taking 

the aggregated 𝐼𝑐 at all simulated nodes within the tunnel horizon at the respective chainage. For 

each realization, the proportion of simulated locations at each chainage within the tunnel horizon 

where the predicted  𝐼𝑐 is greater 0.5 is taken as the proportion of clogging (𝑃𝑐𝑙𝑜𝑔𝑔_𝑔𝑒𝑜). Figure 

4.10 (a) presents the probability of  𝐼𝑐 > 0.5 at each simulation node within the tunnel horizon 

according the number of occurrences where the predicted  𝐼𝑐 is greater than 0.5 in the 10,000 

realizations. While it makes sense that the probability would vary horizontally, there is also 

variability vertically within the tunnel horizon. The uncertainty in  𝐼𝑐 within the tunnel horizon is 

presented in Figure 4.10 (b) and highlights that the uncertainty in the true 𝐼𝑐 is often high and 

varies both horizontally and vertically within the tunnel horizon. Figure 4.10 (c) presents the 

range and average �̅�𝑐𝑙𝑜𝑔𝑔_𝑔𝑒𝑜 according to the geostatistical simulation (all realizations). The 

deterministic estimate of the proportion of clogging from Figure 4.4 is also plotted for 

comparison (𝑃𝑐𝑙𝑜𝑔𝑔_𝑑𝑒𝑡).  
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Figure 4.10: The probability  𝐼𝑐 is greater 0.5 within the tunnel horizon (a). The uncertainty in  𝐼𝑐 
in terms of standard deviation (b). Average and range of proportion of clogging (without 
mitigation) according to the geostatistical model (c). The deterministic estimate of the proportion 
of clogging is also presented for comparison. 

Examining the range of 𝑃𝑐𝑙𝑜𝑔𝑔_𝑔𝑒𝑜 reveals that the proportion of clogging predicted from 

individual realizations of the geostatistical simulation can vary as much as 100% at one 

chainage, while other sections reveal a more narrow range of 𝑃𝑐𝑙𝑜𝑔𝑔_𝑔𝑒𝑜. This is tied directly to 

the uncertainty in 𝐼𝑐, with higher ranges of 𝑃𝑐𝑙𝑜𝑔𝑔_𝑔𝑒𝑜 corresponding to higher uncertainty in  𝐼𝑐 

and vice versa. Comparing 𝑃𝑐𝑙𝑜𝑔𝑔 from the deterministic approach to the mean of geostatistical 

approach, the deterministic reveals a higher 𝑃𝑐𝑙𝑜𝑔𝑔  in some sections (e.g., chainage 39.5 km, 

42.4-42.7 km) and a lower 𝑃𝑐𝑙𝑜𝑔𝑔 in other sections (e.g., 37.5-38 km). Since the ESU simulation 

predicts less cohesive soils at chainage 39-40.5 km, 𝑃𝑐𝑙𝑜𝑔𝑔 is generally less in this section, 



115 
 

according the geostatistical model. In addition, the deterministic approach generally exhibits 

sharper increases/decreases in 𝑃𝑐𝑙𝑜𝑔𝑔, whereas the geostatistical model exhibits more gradual 

transitions from clogging to non-clogging soils. This stems from the uncertainty in the 

boundaries of the different ESUs, which the deterministic approach does not account for. 

Overall, the geostatistical model appears to exhibit generally lower 𝑃𝑐𝑙𝑜𝑔𝑔 than the 

deterministic approach. It is assumed that the geostatistical model estimation of 𝑃𝑐𝑙𝑜𝑔𝑔 is more 

accurate than the deterministic approach (as spatial uncertainty is accounted for), but also less 

conservative. Assuming the probability of 𝐼𝑐 > 0.5 is 98% regardless of the distribution and 

spatial correlation of the geotechnical parameters in the neighborhood, the deterministic 

approach is more conservative, as it assumes the distribution of geotechnical parameters within 

the cohesive soils is the same over the entire study area.  

4.2.3 Clogging Mitigation (Water Injection Regime) 

The water injection required to mitigate clogging according to the geostatistical model is 

presented in Figure 4.11. This was computed by determining the volume of water required at 

each simulation node within the tunnel horizon at the respective chainage, and aggregating all 

nodes to determine the total 𝑉𝑎𝑑𝑑 vs. chainage for each realization. Here, four different metrics 

are presented according to the distribution of  𝑉𝑎𝑑𝑑 from all of the simulation realizations: (1) the 

average 𝑉𝑎𝑑𝑑 from all realizations (µ); (2) the average plus 2 standard deviations (µ + 2σ); (3) 

the 𝑉𝑎𝑑𝑑 such that 𝑃𝑐𝑙𝑜𝑔𝑔 is ≤ 5% (𝑉5%); (4) the 𝑉𝑎𝑑𝑑 such that the maximum 𝑃𝑐𝑙𝑜𝑔𝑔 is 1% (𝑉1%). 

The figure highlights how different degrees of allowable uncertainty and acceptable proportions 

of clogging can be incorporated into the water injection regime design; in other words, the water 

injection regime can be set based on the allowable risk (acceptable proportion/probability of 
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clogging). One limitation of this approach is the potential for blow-out due to oversaturation of 

the soil is not considered.  

 

Figure 4.11: Comparison of different metrics for the water injection regime according to the 
geotechnical parameter simulation. 

This level of water injection regime assessment explicitly represents the uncertainty in 

water injection requirements that otherwise is not addressed using the deterministic approach. 

The uncertainty in required water injection is properly quantified when incorporating 

geotechnical simulations because the local neighborhood distribution and variability of the 

geotechnical parameters is considered. Furthermore, quantification of spatial uncertainty 

provides another level of information from which mitigation decisions can be made. 

To compare the water injection regimes for the deterministic and geostatistical model 

approaches, Figure 4.12 presents 𝑉𝑎𝑑𝑑 for maximum 𝑃𝑐𝑙𝑜𝑔𝑔 of 5% (𝑉5%) for the two methods. 

Similar to the comparison of 𝑃𝑐𝑙𝑜𝑔𝑔 in Figure 10, the deterministic approach reveals a higher 𝑉𝑎𝑑𝑑 in some sections (e.g., chainage 39.5 km, 42.4-42.7 km) and a lower 𝑉𝑎𝑑𝑑 in other sections 

(e.g., 37.5-38 km). This is attributed to the variability in 𝑃𝑐𝑙𝑜𝑔𝑔 captured in the geostatistical 

model that is different from that assumed in the deterministic approach. In addition, the 

deterministic approach exhibits sharp increases/decreases in 𝑉𝑎𝑑𝑑, whereas the geostatistical 

model exhibits more gradual increases/decreases as a result of the uncertainty in transitions 
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between cohesive and non-cohesive ESU types. The total volume of water injection (𝑉5%) for the 

deterministic and geostatistical models is 4,224 m3 and 3,490 m3, respectively. As a result, the 

design water injection regime to mitigate for clogging is reduced by 17% when utilizing the 

more comprehensive geostatistical simulation approach.  

 

Figure 4.12: Comparison of the optimum water injection to achieve a maximum proportion for 
clogging of 5%. 

4.3 Cutter Tool Wear 

In this section, we apply a similar approach to cutter tool wear risk. Like with clogging, 

one published estimation of cutter tool wear rate is adopted, but the framework can be applied to 

any closed form formulation. According to Köppl et al., (2015), the Soil Abrasivity Index (SAI) 

can be used to estimate the cutting distance, 𝑠𝑐, that individual cutting tools can excavate before 

they need to be replaced. SAI is a function of the equivalent quartz content (EQC) [%], 𝐷60 

[mm] and the shear strength of the soil at the excavation face (𝜏𝑓) [kN/m2]: 𝑆𝐴𝐼 =  𝐸𝑄𝐶100 ∗ 𝜏𝑓 ∗ 𝐷60       (4.4) 

The shear strength 𝜏𝑓 is approximated by the Mohr-Coulomb criterion in equation (4.5): 𝜏𝑓 = 𝑐′ + 𝜎′𝑛 ∗ tan 𝜑′      (4.5) 
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where 𝑐′ is the cohesion of the soil [kN/m2], 𝜑′ is the angle of internal friction [°] and 𝜎′𝑛 is the 

vertical effective normal stress at the centerline of the tunnel axis [kN/m2]. The shear strength, 𝜏𝑓, is used as an approximation of the contact stress between the cutting tools and the soil during 

excavation.  

For the Northgate Link project, extensive grain size distribution (GSD) test was 

conducted, from which 𝐷60 can be determined. However, testing for 𝐸𝑄𝐶 and shear strength 

parameters was quite limited so only ranges and/or baseline values reported in the GBR can be 

used (Jacobs 2013). Table 4.1 summarizes the corresponding geotechnical parameters for which 

constant values were assumed according to the GBR. Figure 4.13 illustrates the location and 

value of SAI according to the GSD of the sample at the particular location and typical EQC and 𝜏𝑐 values for the respective ESU. There are a total of 523 GSD samples from which 𝐷60 is 

determined and SAI estimated. Here, it is evident that there is significant spatial variability in 

SAI. Regions of generally higher SAI are present around chainages 38.5 km and 40-42 km, while 

generally lower SAI values are present around chainages 37.5 and 42-43 km. Overall, SAI values 

can vary significantly over short (~100 m) chainage distances.  

Table 4.1: Assumed Geotechnical Parameters According to GBR. 

ESU 𝑬𝑸𝑪 [%] 𝜸 [kN/m3] 𝒄′ [kN/m2] 𝝋′ [°] 

CCS 38 19.6 13 33 

CSF 56 19.6 0 37 

CSG 63 20.1 0 39 

ENF 60 19.5 0 32 

RCS 52 18.9 4.8 30 

RGD 63 19.5 0 32 

TLD 60 20.1 0 39 
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Figure 4.13: Location of samples from which SAI is determined (Elevation with respect to 
MSL). 

The spatial variability in SAI is attributed to the variability in geology (ESU). As 

illustrated in Figure 4.14, the distribution of SAI for each ESU is notably different. More 

granular soils such as CSG and TLD will naturally have a higher SAI than fine soils such as CCS 

and CSF, due to the generally larger grain size and quartz content of granular soils. The 

variability of SAI in the CSG and TLD units is also quite high, with interquartile ranges of 100-

200 and 50-140 for the two groups, respectively.  

 

Figure 4.14: Distribution of SAI for different ESU groups. The horizontal black lines and red 
points represent the median and mean, respectively. The ‘(#)’ below each ESU label corresponds 
to the number of samples. 
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4.3.1 Deterministic Cutter Tool Wear Assessment and Mitigation Plan 

For the deterministic assessment, the mean SAI for each ESU is multiplied by the 

proportion of the respective ESU within the tunnel horizon vs. chainage, according to the GBR 

geological profile. This represents the aggregated SAI (SAI̅̅̅̅̅) of the excavated soil at the 

respective chainage (equation 4.6).  𝑆𝐴𝐼̅̅ ̅̅ ̅ = ∑ 𝑆𝐴𝐼𝐸𝑆𝑈𝑖 ∗ %𝐸𝑆𝑈𝑖100     (4.6) 

Figure 4.15 presents SAI̅̅̅̅̅ vs. chainage, which highlights the variability in SAI along the tunnel 

alignment due to geological variability and mixed face conditions.  

 

 

Figure 4.15: Deterministic SAI (based on GBR proportions and average SAI for soil type). 

To estimate the cutting distance for each cutting tool, empirical equations proposed by 

Köppl et al. (2015) are adopted. These formulas were derived based on data from five 

hydroshield TBM projects. The proposed cutting distance, 𝑠𝑐 [km], for disc and scraper tools are 

provided by equations (4.7) and (4.8), respectively.  𝑠𝑐,𝑑𝑖𝑠𝑐 = 312.0 + exp (−0.0048 ∗ (𝑆𝐴𝐼̅̅ ̅̅ ̅ − 1398.2))    (4.7) 
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𝑠𝑐,𝑠𝑐𝑟𝑎𝑝𝑒𝑟 = 280.9 + exp (−0.0050 ∗ (𝑆𝐴𝐼̅̅ ̅̅ ̅ − 1300.7))    (4.8) 

Here, the cutting distance is the total distance traveled by each tool as the cutterhead rotates 

during the TBM advance. The cutting distance of each tool for one ring, 𝑠𝑐𝑑 [km], can be 

determined based on the advance distance, 𝐿𝑑 [m], penetration rate, 𝑝𝑒 [mm/rot], and radius of 

the cutter tools from the cuterhead center (track radius), 𝑟𝑠 [mm]: 𝑠𝑐𝑑 = 𝐿𝑑∗2∗𝜋∗𝑟𝑠𝑝𝑒∗1000       (4.9) 

Considering the expected value for the cutting distance, 𝑠𝑐, from equations (4.7 and 4.8), the 

partial utilization factor, 𝑒𝑐𝑑, of each cutting tool for one ring is calculated by equation (4.10): 𝑒𝑐𝑑 = ∑ 𝑠𝑐𝑑𝑠𝑐        (4.10) 

When the cumulative partial utilization factor, ∑ 𝑒𝑐𝑑, is greater than 1.0, the cutting tool has 

exceeded the expected cutting distance and the tool needs to be replaced. The number of cutting 

tools to be replaced, 𝑛𝑐, is defined by equation (4.11): 𝑛𝑐 = ∑ 𝑒𝑐𝑑 > 1      (4.11) 

A potential limitation of the application of equations (4.7 and 4.8) in this case is the 

difference in TBM types between those used to develop the empirical relation and those used on 

the Northgate Link project (hydroshield vs earth pressure balance). Herein, it is assumed that 

TBM type does not affect the cutting distance of the cutting tools. Other factors that presumably 

would have a high influence on the cutting distance, but not considered here, include the 

cutterhead opening ratio and the material properties, as well as the geometry and wear protection 

of the cutter tools (Köppl et al. 2015). 

The cumulative numbers of disc and scraper tools that require replacement vs. ring based 

on the deterministic approach are presented in Figure 4.16.  Note, tunneling of the northbound 

tunnel occurred right-to-left in Figure 4.16 (i.e., from chainage 42.75 km to 36.9 km). For the 
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calculation of the cutting distance per ring, 𝑠𝑐𝑑, the average penetration rate, 𝑝𝑒, for the 

respective ring is taken. According to the deterministic assessment, a total of 32 discs and 284 

scraper tools require replacement over the length of the tunnel drive.  

 

Figure 4.16: Deterministic prediction for the cumulative # tools to be replaced vs. ring #. 

4.3.2 Cutter Tool Wear Geostatistical Model 

For the geostatistical model to assess cutter tool wear, the same general approach as the 

geostatistical model for clogging risk assessment was utilized. Here, the geotechnical parameters 𝐷60 and N1(60) were simulated to generate 100 realizations for each of the 100 ESU realizations 

(10,000 total realizations). Since laboratory data for shear strength parameters (𝑐′, 𝜑′) are 

limited, an empirical relationship between N1(60) and 𝜑′ was adopted (equation 4.12) (Hatanaka 

and Uchida 1996). This relationship was found to result in acceptable 𝜑′ values for the various 

soil types considered. All other shear strength parameters (𝑐′ and 𝛾′) were assumed to be 

constants and taken from Table 4.1. 𝜑′ = √15.4 ∗ 𝑁1(60) + 20      (4.12) 

The variograms for N1(60) were presented in Chapter 2. The variograms of the normal 

transformed 𝐷60 are presented in Figure 4.17. As with N1(60), the variograms of 𝐷60 differ based 

on ESU type. Only two ESU groups reflect spatial correlation in 𝐷60: CSF and CSG. All other 
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ESU groups were assumed to have a constant nugget variogram structure either due to lack of 

sufficient data to discern trends (ENF, RCS, RGD) or the spatial distribution of 𝐷60 being 

entirely random (CCS, TLD). 

 

Figure 4.17: Directional variograms of the normal transformed D60. 

The results of the geostatistical simulation for ESU and geotechnical parameters 𝐷60 and 

N1(60) are summarized in Figure 4.18. An example of an independent realization for each of these 

parameters (a, d, g) is a statistically possible prediction of the true conditions, while the average 

profiles (d, e, h) represent the generalized and smoothed approximation of the parameters. The 

uncertainty profiles reveal both regions of high uncertainty and low uncertainty, and are a result 

of the sampling density and regional variability in parameters. 

The transformations of the simulated parameters in Figure 4.18 to the parameters 𝜑′, 𝜏𝑓 

and SAI are summarized in Figure 4.19. It is evident that SAI varies significantly over the 

alignment of the tunnel. The uncertainty profile for SAI (Figure 4.19 f) reflects the variability in 

geotechnical parameters that correlates with the general ESU predictions. Regions of higher 

likelihood for granular CSG and TLD deposits demonstrate generally higher variability in 
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abrasivity. This is attributed to the larger dispersion in geotechnical parameter values for these 

ESUs, according to the sample data, and the variograms of N1(60) and 𝐷60.  

The set of simulated SAI values and the mean SAI in the excavation window (tunnel 

horizon) are presented in Figure 4.20. The deterministic estimate of SAI is also plotted for 

comparison. It can be observed that the change in SAI can vary significantly over as little as 

~250 m of excavation. In general, the geostatistical model predicts lower SAI compared to the 

deterministic estimate, with the exception of chainages 38.2-38.7 km, 39.5 km and, to some 

degree, 39.9-40.2 km. At chainage 40.5-42 km, the deterministic approach predicts significantly 

higher SAI than the geostatistical model. This is a section of the tunnel alignment where 

predominately CSG soils are encountered. Recall, the deterministic approach takes the average 

SAI of all samples for the respective ESU, rather than considering the regional distribution at any 

section of the tunnel alignment. The geostatistical model reveals that the average SAI in the 

40.5-42 km region within the tunnel horizon is actually significantly lower than the average of all 

SAI samples for CSG. This is attributed to the assumed SAI in the deterministic approach being 

based on all samples, regardless of the sample location with respect to the tunnel alignment. 

When considering spatial trends using the geostatistical model approach, however, the SAI of the 

CSG within the tunnel horizon over this section is significantly less than the mean SAI for all 

CSG samples.  

4.3.3 Cutter Tool Wear Mitigation (Tools Changes) 

To estimate the expected cutting distance, 𝑠𝑐, for each of the tools based on the geostatistical 

model, the aggregated SAI for each realization of the simulation is used. For each ring, the 

average 𝑠𝑐 within the tunnel horizon for each realization closest to the respective ring is divided 

by the actual cutting distance, 𝑠𝑐𝑑, for each of the cutting tools (using the average
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Figure 4.18: Geostatistical simulation results for ESU, N1(60) and D60. 
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Figure 4.19: Results of the transformation of geostatisticaly simulated parameters to soil abrasivity parameters.
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Figure 4.20: SAI vs chainage according to the geostatistical model and deterministic approach.  
The transparency of the SAI range from the geostatistical model reflects the quartiles of the 
results. 

penetration rate, 𝑝𝑒, for the respective ring) to estimate the partial utilization factor, 𝑒𝑐𝑑.  

Figure 4.21 presents the average and 95% probability interval of the cumulative number 

of tool replacements, N, over the tunnel drive. The deterministic estimation for the respective 

tools is also plotted for comparison.  For both cutting tool types, the geostatistical model on 

average predicts fewer tool replacements than the deterministic model. However, the upper end 

of the 95% probability interval from the geostatistical simulation exceeds the deterministic 

estimation beginning at approximately ring 1750. The total estimated numbers of cutter tool 

replacements for the deterministic and average of the geostatistical model are 212 and 184 for 

scrapers, respectively, and 12 and 9 for discs, respectively. With these quantities, the estimation 

of cutter tool replacements is reduced by 13% for scrapers and 25% for discs when utilizing the 

more comprehensive geostatistical simulation approach. Another benefit to the geostatistical 

model approach is the ability to provide a range of possible tool replacements, taking into 

consideration the variability between realizations of the geostatistical simulation.  
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Figure 4.21: Estimated cumulative number of tool replacements for (a) scrapers and (b) discs 
from the deterministic and geostatistical model approaches. 

4.4 Validation with reported project mitigations 

For the northbound Northgate Link tunnel, both conditioning/water injection and cutter 

tool maintenance was recorded. This provides the opportunity to compare and validate the 

mitigation plans determined from the deterministic and geostatistical model approaches.  

Figure 4.22 presents the recorded conditioning liquid injection volume during the project 

along with the water injection regimes determined to achieve a maximum proportion of clogging 

of 5% (V5%). The TBM data VTBM reveals that fluids were injected throughout the tunnel drive. 

However, this fluid injection was not purely for the mitigation of clogging – conditioning fluid 

was also injected to improve flowability of granular materials. Therefore, only 

conditioning/water injection fluids injected in predominately cohesive soils were considered for 

comparison with the prescribed water injection regimes per the deterministic and geostatistical 
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models. Both the GBR geological profile and ESU simulation results were used to identify actual 

water injection, VTBM, for clogging mitigation.  

 

Figure 4.22: Conditioning fluid injection recorded by the TBM and the prescribed water injection 
regimes from the deterministic and geostatistical model approaches. The conditioning fluid 
injected in predominately cohesionless soils is omitted for comparison. 

In this project, clogging was not observed. Therefore, it is assumed that the actual 

conditioning regime was 100% successful in clogging mitigation. Comparing the actual vs. 

prescribed (deterministic and geostatistical model) regimes, it can be observed that the 

geostatistical model regime generally is a closer match to VTBM than the deterministic regime. 

One exception is around chainage 37.4-37.5 km where the deterministic is in better agreement 

with VTBM. Overall, a total of 3,635 m3 was injected in predominately cohesive soils during 

tunneling, compared with estimates of 4,224 m3 and 3,490 m3 for the deterministic and (average) 

geostatistical model regimes, respectively. Comparing the total volume of water injection, it is 

evident that the geostatistical model estimate is in closer agreement with the actual volume 

injected.  

For the cutting tool replacement, the number of cutting tools replaced during 

interventions at respective rings was recorded during the project. Figure 4.23 presents the 

recorded cumulative number of tools replaced vs. ring compared with the estimates based on the 
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deterministic and geostatistical model approaches. No record for the number of tools requiring 

replacement at the end of the tunnel drive was available. It can be observed that the geostatistical 

model prediction performs better than the deterministic approach, with NRecorded falling nearly in 

line with the average geostatistical model estimate. The close agreement between the average 

NGeostatistical Model and NRecorded validates both the empirical equations adopted and the methodology 

for modeling the spatial variability and uncertainty in cutter tool wear geotechnical parameters. 

The deterministic approach, on the other hand, over-predicts N. Table 4.2 summarizes the total 

cutting tool replacements at ring 2772 (since not further replacements were recorded beyond this 

ring).  

 

Figure 4.23: Estimated cumulative tool replacement for (a) scrapers and (b) discs compared with 
recorded tool changes during the project. 
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Table 4.2: Summary of total tool replacements at end of ring 2772. 

Source Scrapers Discs 

NRecorded 176 9 

NGeostatistical Model
* 140-262 (184) 8-15 (9) 

NDeterministic 212 12 

*Includes 95% PI and average (in parentheses). 

4.5 Conclusions 

This paper presents a novel application of geostatistical simulation for risk assessment 

and mitigation planning for two frequent risks encountered during mechanized tunneling: 

clogging and cutter tool wear. The quantification of spatial uncertainty in geotechnical 

parameters enhances the risk assessment, as the uncertainty in risk estimates can also be 

quantified spatially. This provides a valuable tool to derive confidence intervals and aid in 

decision making for mitigation planning. 

The results of the proposed mitigation plans (water injection regimes and cutter tool 

replacements) from the geostatistical model approach were found to be in strong agreement with 

the project data. This validates both the methodology and the value of performing such detailed 

analysis for tunneling risks. Furthermore, the mean geostatistical model mitigation plans 

provided a 17% reduction in estimated water injection volume and a 13-25% reduction in 

estimated tool replacements compared to the deterministic approach. Utilizing the geostatistical 

model approach for mitigation planning over traditional deterministic approaches prior to 

construction may yield significant savings in estimated costs, as demonstrated here, or prevent 

the underestimation of mitigation costs when deterministic approaches underestimate the risk.  
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CHAPTER 5  

APPLICATIONS AND FURTHER RESEARCH 

5.1 Introduction 

The scope of applications for modeling spatial variability and uncertainty for the risk 

assessment of UCT works is broad. This chapter briefly presents three examples of such 

applications and provides starting points for further research in reducing uncertainty with 

incorporating secondary data such as borehole data from previous projects, instrumentation and 

monitoring data and TBM operation data. The first example involves the reliability assessment of 

a critical geological transition boundary between unweathered and weathered rock units, with 

emphasis on assessing the uncertainty reduction with the inclusion of additional data during 

multiple stages of the site investigation. A second example demonstrates the value of 

incorporating spatial variability of geotechnical parameters in numerical modeling simulations 

for probabilistic ground deformation analysis. Finally, the third example explores the capability 

for geostatistical analysis to aid in the performance prediction of the TBM, specifically with 

respect to the production rates and energy required to excavate the ground. For each of these 

applications, suggestions for further research are discussed. 

5.2 Rockhead Analysis 

In all forms of tunneling (mechanized TBM, sequential excavation, etc.), mixed face 

conditions are one of the biggest challenges faced during construction (Guglielmetti et al. 2007). 

Mixed face conditions require a delicate balance of excavation methods and ground supports to 

minimize ground deformation, groundwater or running ground inflow and blowouts. The ability 

to interpret the variability and uncertainty in such conditions can drastically improve the risk 
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assessment with the global and spatial quantification of the likelihood for such conditions to 

exist.  

To illustrate, the case of mixed face conditions consisting of unweathered and weathered 

rock in the CRL project was assessed. In this project, the rock consists of the East Coast Bays 

Formation (ECBF), which is a soft rock consisting of interbedded soft sandstones and 

mudstones. The weathering zone of this formation is known to be of variable thickness and 

exhibit a ‘saw-tooth’ weathering grade with depth (Roberts et al. 2009). Consequently, the true 

surface of the unweathered rock unit (rockhead) is expected to vary spatially over short distances 

and exhibit high uncertainty. In addition, the various sources of SI data (multiple stages, 

historical data) enable a Bayesian inference of the influence of additional data in reducing 

uncertainty predicted using geostatistical simulation.   

The site investigation program for this project consisted of a desk study with the 

collection of historical borehole logs in the area, as well as four SI stages. This dataset consists 

of 68 boreholes from CRL Stage 1&2, 28 from CRL Stage 3, 8 from CRL Stage 4 and 365 

historical boreholes from the desk study. The CRL stage boreholes are primarily located along 

the tunnel alignments while the historical data covers a wider areal extent. Figure 5.1 presents 

the borehole layout for different stages (a) and the logged elevation of the rockhead (b). The 

tunnel alignments for the six total tunnels are also presented.  

5.2.1 Variogram and Geostatistical Simulation 

To model the variability and uncertainty in the rockhead elevation, SGS was performed 

using three different subsets of the data and the entire dataset. The subsets consist of CRL SI 

stages 1-2 (68 points), 1-3 (96 points), and 1-4 (104 points) as well as all of the CRL SI data plus 

the historical data (469 points). Omni-directional experimental variograms are presented in 
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Figure 5.2. Anisotropy was checked and deemed to be insignificant. For the CRL stages, the 

experimental variogram remains essentially constant with the inclusion of additional data. 

Inclusion of the historical data reveals similar spatial variance to the CRL variograms up to 300 

m after which the semivariance is notably less than that inferred from the CRL SI data alone. 

However, this is not significant from the perspective of this study, as the spacing between logged 

rockhead elevations from the boreholes is on the order of 1-100 m.  

 

Figure 5.1: Plan view of borehole layout for each SI stage and reported rockhead elevation. 

The SGS was performed on a 5x5 m simulation grid encompassing all of the SI data. 

Four sets of simulations were performed using each of the SI datasets and variograms. The data 

and variograms were transformed to a normal distribution prior to the simulation, after which the 

simulated values were back-transformed to the data space. For each of the simulation sets, 500 

realizations were generated such that additional realizations do not influence the quantified 

uncertainty in the rockhead elevation by more than 1%.  
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Figure 5.2: Variograms for each stage of SI data. 

Figure 5.3 presents the mean and standard deviation of the simulation results. The mean 

of the simulated rockhead elevation does not significantly differ across the CRL stages. 

However, the inclusion of the historical data reveals differences in the mean, particularly farther 

away from the tunnel. The general north-to-south trend in increasing rockhead elevation along 

the tunnel alignment reflects the Commerical Harbour to the north, and the dormant volcano 

Mount Eden to the south. Regarding the uncertainty (standard deviation) from the simulations, it 

is clearly evident that as more data is included in the simulation, the overall uncertainty is 

reduced, particularly around the tunnels.   

5.2.2 Interpretation of Results 

The simulation results along one of the main tunnels (MC20), which extends the full 

south-to-north extent, is presented in Figure 5.4 for each of the simulation sets. Here, the 0-100% 

quantiles of the predicted rockhead elevation versus chainage are reflected by the degree of 

transparency in the lines – the higher the transparency, the higher the quantile. The recorded  
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Figure 5.3: Results of the SGS for rockhead elevation. Top: average; bottom: standard deviation. 
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elevations from boreholes within 20 m of the tunnel alignment are also presented as black data 

points.  

 

Figure 5.4: Profile view of the SGS results. Transparency reflects the quantiles of the predicted 
rockhead surface. Black points correspond to reported elevation from SI. 

As with the plan view of the results (Figure 5.3), the profile view of Figure 5.4 also 

conveys the general decrease in uncertainty with more data as the width of the non-transparent 

quantile band decreases (i.e., the uncertainty band becomes more narrow). In fact, the average 
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width of the 100% quantile decreases from 20 m for CRL Stage 1-2 to 14 m for CRL Stage 1-4 + 

Historical. These results could be used to aid in the decision making for if and where additional 

boreholes should be drilled in effort to reduce the local uncertainty. 

The probability of encountering any weathered rock or soil P(soil) during excavation 

along the MC20 alignment according to the geostatistical simulations is presented in Figure 5.5. 

CRL Stage 1-2 simulation produces the highest average probability (42.6%) over the entire 

alignment while CRL Stage 1-4 produces the lowest (38.2%). The average probability according 

to all of the data (CRL Stage 1-4 + historical) is 40.0%. While there are some significant 

differences locally, the overall trend remains relatively the same for all simulation sets. Since 

estimated probabilities are generally consistent across all data sets, this serves as a validation in 

the estimated probability for encountering weathered rock and soil. 

 

Figure 5.5: Probability of encountering weathered rock and soil vs. chainage according to the 
different SI datasets. 

One can also assess the percentage of the tunnel excavation to occur in partial or full 

weathered rock and soil. Figure 5.6 presents the distributions of predicted % weathered rock/soil 

excavation over the entire tunnel alignment for each of the simulation sets. The peak of the 

density curve varies 5% acorss the simulation sets. The uncertainty (expressed in terms of 
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standard devaition) is 3.13, 2.95, 2.82 and 2.48 for the four simulation sets, respectively. This 

equates to a 21% reduction in the uncertainty from CRL stage 1-2 to CRL 1-4 + Historical.  

 

Figure 5.6: Distributions for the percent of excavated material to consist of weather rock and 
soil. 

5.2.3 Conclusions and Further Research 

This case study demonstrates how the reduction in uncertainty due to additional SI data can 

be assessed and quantified. In addition, the value of quantifying uncertainty in critical geological 

boundaries provides a means for defining better baselines and aid in determining if and where 

additional boreholes should be drilled. The results pave the way for further research including 

incorporating the GBR model as soft data to further reduce uncertainty, examining the 

performance of other geostatistical methods (SIS, Pluri-Gaussian, etc.) for quantifying 

uncertainty in lithological boundaries, and developing methods to identify optimal additional 

sampling locations given budget and accessibility constraints. 
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5.3 Ground Deformation Analysis 

Another critical risk in UCT is ground and infrastructure deformation. This is particularly 

the case in urban environments where tolerances for maximum deformation are on the order of 

millimeters. In mechanized tunneling, ground deformation is controlled by support pressures at 

the face and in the annulus gap of the TBM. Target or design support pressures are generally 

determined based on predicted settlements from analytical (e.g., Jancsecz & Steiner, 1994; Leca 

& Dormieux, 1990) and numerical (e.g., Mooney et al., 2015) methods to ensure that ground 

deformations will not exceed acceptable limits.  

Conventional methods for the prediction of ground movements often carry a high degree 

of uncertainty. This is particularly the case when deterministic results are calculated based on 

expected mean values of the soil properties within the influence zone of the tunnel. The soil 

stress redistribution and consequential settlement resulting from the excavated tunnel is highly 

dependent on soil parameters including stiffness, shear strength and unit weight. However, 

exploratory boreholes in urban environments can often be limited and sparsely located. This can 

lead to a high degree of uncertainty in the soil properties and, consequently, result in differences 

between predicted and observed settlements.  

Mollon et al. (2011) presented the first comprehensive study and methodology for 

evaluating the influence of soil parameter uncertainties on predicted ground movements due to 

tunneling using a 3D finite element simulation. Their work was expanded upon by (Miro et al. 

2014, 2015) to determine the sensitivity of soil parameter uncertainty on ground deformations 

using a Monte Carlo approach. It was realized that the associated uncertainty of key soil 

parameter inputs including stiffness, friction angle and unit weight can yield significant 

uncertainty in predicted ground deformations. The results of the global sensitivity analysis 
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indicated that modeled response, settlement, is most sensitive to the tangent and secant modulus 

followed by similar sensitivity to friction angle and dry unit weight.  

This study provides an example of incorporating variability and uncertainty in 

geological/geotechnical conditions for a probabilistic ground deformation analysis, similar to the 

approach taken in other studies including (Gong et al. 2018; Gonnouni et al. 2005; Xiao et al. 

2017), while incorporating geostatistical simulation results from real SI data (SPT blow counts). 

The results of the N1(60) geostatistical simulation for the Queens ESA project (presented in 

Chapter 3) were converted to geotechnical parameters shear modulus G, friction angle 𝜙′ and 

relative density Dr using empirical relationships reported in the literature.  

A low strain shear modulus, Gmax, can be approximated from N60 using equation (5.1): 𝐺𝑚𝑎𝑥 = 17.4 ∗ 𝑁600.631     (5.1) 

It warrants mentioning that there are several proposed correlations between Gmax and N60, where 

equation (5.1) is one approximation for glacial till soils (Crespellani et al. 1991). Because Gmax is 

a low strain shear modulus, the shear modulus, G, for the model input is taken as 0.5 * Gmax. 

The friction angle, 𝜙′, was approximated using the correlation presented by Kulhawy and 

Mayne (1990) (equation 5.2): 

𝜙′ = 𝑡𝑎𝑛−1 [ 𝑁6012.2+20.3(𝜎′𝑜𝑝𝑎 )]0.34
    (5.2) 

where 𝜎′𝑜 = effective overburden pressure in kN/m2
 and 𝑝𝑎= atmospheric pressure (same unit as 𝜎′𝑜). 

Lastly, the relative density, Dr, and corresponding dry density, 𝜌𝑑, can be approximated 

using equations (5.3) and (5.4) (Cubrinovski and Ishihara 2001): 
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𝐷𝑟(%) = [𝑁60(0.23+0.06𝐷50)1.7
9 ( 𝑝𝑎𝜎′𝑜)]0.5 ∗ 100   (5.3) 

𝜌𝑑 = 11𝛾𝑑(𝑚𝑖𝑛)−𝐷𝑟[ 1𝛾𝑑(𝑚𝑖𝑛)− 1𝛾𝑑(𝑚𝑎𝑥)]    (5.4) 

where D50 is the mean grain size (mm) and 𝛾𝑑(𝑚𝑖𝑛) and 𝛾𝑑(𝑚𝑎𝑥) are the minimum and maximum 

dry density, respectively. In this study 𝛾𝑑(𝑚𝑖𝑛) and 𝛾𝑑(𝑚𝑎𝑥) are assumed to be 1045 kg/m3 and 

1278 kg/m3, respectively. 

The anticipated range of values for geotechnical parameters E, 𝜙′ and 𝜌𝑑 according to the 

Queens GBR are presented in Table 5.1. These values are based on recorded SPT N-values and 

laboratory test results reported in the Geotechnical Data Report (GDR). Unfortunately, 

laboratory testing on glacial till/outwash samples was extremely limited due to the difficulty in 

obtaining coarse gravel from the SPT sampler. Furthermore, it is likely that the presence of 

gravel resulted in elevated N1(60) at some locations. The values reported in the GBR have taken 

this effect into consideration. The respective mean and CoV of the uncertain parameters used in 

this study are also presented in Table 5.1 and were determined based on the baseline values 

reported in the GBR and typical CoVs reported in the literature (Phoon and Ching 2014).  

Table 5.1: Uncertainty representation of MC-model parameters. 

Parameter Range Mean CoV % 
PDF 
Type 

E [MPa] 55-172 113.5 20 Normal 𝜙′ [deg] 36-40 38 15 Normal 𝜌𝑑 [kg/m3] NR1 1162 15 Normal 
1No range reported, only mean value. 

5.3.1 Probabilistic Analysis 

A 2D numerical finite difference model using the commercial code FLAC was used for 

the analysis of a select cross section in the project (Figure 5.7). The soil was modeled using 1x1 
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m elements. After initial geostatic conditions are established, the excavation sequence of the 

tunnel was represented by (1) the removal of the shell elements in the tunnel opening with radial 

pressures applied normal to the opening according to the support pressures generated by the 

slurry in the radial shield annulus, followed by (2) the placement of the grout and tunnel lining 

elements. As face pressure cannot be modeled in a 2D model, the radial shield annulus pressure 

provided the support to prevent convergence of the tunnel opening before the placement of the 

backfill grout and liner in this analysis. A consequence of 2D numerical modeling is the face 

advance effects (e.g., longitudinal displacement in front and behind the TBM face) is not 

considered. Figure 5.8 presents an example of the input geotechnical parameters for the 

numerical model according to one realization of the SGS for N1(60).  

 

Figure 5.7: 2D numerical model for a select cross section of the Queens ESA tunnel. 

 

Figure 5.8: Example geotechnical parameter inputs according to one realization of the SGS for 
N1(60). 
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For each realization of the SGS for N1(60) and the corresponding geotechnical parameters, 

the ground surface settlement was modeled in the numerical model. Figure 5.9 (a) presents the 

ground surface settlement troughs for each of the SGS realizations (total of 1,000 realizations). 

The settlement troughs vary in both maximum settlement and trough shape (differential 

settlement). The average settlement trough for all of the realizations is also presented. Figure 5.9 

(b) presents the histogram of the maximum settlement SV(max). The distribution of SV(max) reveals 

a mean of 4.3 mm with a standard deviation of 0.5 mm.  

 

Figure 5.9: Surface settlement troughs from the Monte Carlo simulation (a). Histogram of 
maximum surface displacement SV(max) (b).  

To compare the probabilistic assessment with deterministic predictions, Figure 5.10 (a) 

presents the mean surface settlement trough from the Monte Carlo simulation with the 

deterministic prediction assuming mean geotechnical parameter values in the numerical model 

(Table 5.1) and the classical Peck prediction for sandy soils (Peck 1969). The peak measured 

displacement recorded in the field using an automated total station measurement at the cross 

section location directly above the tunnel is also presented. It can be observed that the average 

SV(max) from the probabilistic analysis is in agreement with the observed settlement, while the 
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deterministic numerical model over-predicts SV(max) and the Peck approach under-predicts 

SV(max). Figure 5.10 (b) presents the empirical cumulative density function (ECDF) from the 

probabilistic analysis. The probabilistic approach has the advantage of assessing the probability 

that peak settlement will exceed a certain value.  

 

Figure 5.10: Comparison of average surface settlement trough for the different approaches, 
compared with the observed peak displacement on the project site (a). ECDF of the probabilistic 
settlement (b).  

5.3.2 Influence of Variogram Uncertainty 

Several researchers have examined the influence of spatial correlation parameters (e.g. 

range, scale of fluctuation, anisotropy ratio, etc.) on predicted ground settlement (Gong et al. 

2018; Huang et al. 2017; Xiao et al. 2017). Herein, the analysis is reproduced for two variogram 

parameters: anisotropy ratio and the nugget.  

For the anisotropy ratio (H:V), the vertical variogram is fixed while the H:V ratio is 

varied from 1 to 200. This reflects the often-encountered uncertainty in the horizontal variogram 

due to much more sparse sampling relative to the vertical direction. Figure 5.11 presents the 

different variograms (standard normal transformed) used for the SGS of N1(60) and the 

corresponding SV(max). For each of the H:V ratios, 200 geostatistical and numerical simulations  
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Figure 5.11: Simulation parameters and results for varying anisotropy ratios. (a) Horizontal 
variograms; (b) vertical variogram; (c) histogram of maximum surface settlement SV(max); (d) 
ECDF of SV(max). 

were performed such that additional realizations do not change the inferred probability of ground 

deformation exceeding 15 mm by more than 1%. Comparing the ECDF for the different H:V 

ratios reveals that the probability of exceeding a specific SV(max) can differ significantly. For 
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example the probability of exceeding 15 mm (a common threshold for urban tunneling) ranges 

from 3% to 12.5%. 

To examine the influence of the variogram nugget, the nugget of the standard Gaussian 

transformed data was varied between 0 and 0.5, while the H:V ratio was fixed to 10. Figure 5.12 

presents the different variograms used for the SGS of N1(60) and the corresponding SV(max). 

 

Figure 5.12: Simulation parameters and results for varying nuggets. (a) Horizontal variograms; 
(b) vertical variogram; (c) histogram of maximum surface settlement SV(max); (d) ECDF of 
SV(max). 
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In the same manner as the anisotropy ratio study, for each of the nugget values, 200 geostatistical 

and numerical simulations were performed. Comparing the ECDF for the different nuggets, the 

probability of SV(max) exceeding 15 mm ranges from 0% to 8%.  

5.3.3 Influence of Scale 

The scale at which the spatial variability in geotechnical parameters is modeled in the 

geostatistical simulation, as discussed in Chapter 2, will depend on the sample spacing of the SI 

data. This inevitably will also influence the scale of variability at which geotechnical model 

responses can be assessed. To examine this, the grid resolution to model the spatial variability of 

N1(60) using the SGS approach is varied between 2-10 m in the horizontal direction and 1-2 m in 

the vertical direction. A single variogram model was used for the SGS and 1000 realizations for 

each scale were generated. Figure 5.13 presents the variogram and SV(max). Comparing the ECDF 

for the different scales of spatial variability modeled here, the probability of SV(max) exceeding 15 

mm ranges between 1.4% to 10.8%. 

5.3.4 Conclusions and Further Research 

The results of this study demonstrate that both the uncertainty in the model variogram 

parameters and the scale at which spatial variability in geotechnical parameters is modelled will 

affect the numerical modeling results for ground surface deformation. For the cross-section 

presented here, lower H:V ratios and higher nuggets result in higher probabilities of SV(max) 

exceeding 15 mm. However, these trends may differ for other ground conditions (e.g., different 

soil type(s), different degrees of geological variability, different geotechnical parameter ranges). 

More sensitivity analysis is required to assess if a universal relationship exists. In addition to the 

uncertainty in model variogram parameters, the relationship between the calculated spatial 

uncertainty (from geostatistical simulations), the distribution of SV(max) and the probability of 
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exceedance also deserve more attention. It is also apparent that the scale at which the spatial 

variability in the geotechnical parameters is modeled also contributes to different model 

responses and therefore, further research is warranted. 

 

Figure 5.13: Simulation parameters and results for varying scales at which the spatial variability 
of N1(60) is modelled. (a) Horizontal variograms; (b) vertical variogram; (c) histogram of 
maximum surface settlement SV(max); (d) ECDF of SV(max). 
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 The ground response due to tunnel excavation in this study was modeled in 2D. However, 

studies have shown that 3D model responses can produce more accurate results compared to 2D 

(Vlachopoulos and Diederichs 2014) and therefore, 3D modeling of tunnel-induced deformation 

has become standard practice. As the spatial variability and uncertainty in geotechnical 

conditions is modeled in 3D, the geostatistical models can be directly imported into the 

numerical models to simulate the 3D ground response. However, performing Monte Carlo 

simulations using 3D models will require significantly more computation time, raising the need 

for further research in identifying efficient methods for performing the probabilistic analysis in 

3D. 

 A final area for future research on this topic is incorporating field ground deformation 

data into the simulation, both for model validation and Bayesian updating (or back analysis) of 

the geotechnical parameters, while incorporating spatial variability. While studies have 

performed similar analysis to estimate homogeneous geotechnical parameters (e.g., Zhao et al. 

2015), spatial variability has yet to be incorporated in the analysis.  

5.4 Connection to TBM Parameters 

A third example application for the geostatistical analysis of UCT projects is using 

simulation results to forecast TBM performance such as production rates. Unforeseen, differing 

and highly variable geological and geotechnical conditions can impede the advance of a TBM. 

However, due to the limited and sparse sampling of geotechnical data for UCT SI, identifying 

the relationship between geotechnical parameters and TBM performance is still not well 

understood. This is particularily due to the fact that it is not standard practice to drill boreholes 

and take samples directly along the tunnel alignment (boreholes are typically offset a short 

distance from the tunnel alignment to prevent potential damage to the TBM and/or blowouts). A 
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few studies have attempted to incorporate geostatistical modeling of geotechnical parameters 

such as SPT blow counts, rock-quality designation, and unconfined compression strength in the 

prediction of advance rates and specific energy of tunnel advance (Ozturk and Simdi 2014; 

Stavropoulou et al. 2010). However, these studies rely on simply the kriging estimate, rather than 

stochastic simulations, which tends to smooth the geotechnical parameters, resulting in 

unrealistic geotechnical models. 

In this study, initial attempts are made to expand upon previous work to identify whether 

modeling geological and geotechnical spatial variability and uncertainty can aid in improving the 

understanding of the relationship between geotechnical parameters and TBM performance. The 

TBM parameter specific energy, SE, is adopted here, which incorporates several individual TBM 

operational parameters (torque, thrust, penetration rate) to reflect the energy required to excavate 

the ground (Shirlaw and Associates 2016). SE can be calculated from the folowing equation: 𝑆𝐸 = (𝐹𝑛∗𝑝)+(2∗𝜋∗𝜔∗𝑇)𝐴∗𝑝       (5.5)  

where 𝐹𝑛 is the normal contact force on the cutterhead (MN), 𝑝 is the penetration rate (m/min), 𝜔 

is the cutterhead rotation speed (revolutions/minute), 𝑇 is the cuterhead torque (MN*m) and 𝐴 is 

the cross sectional area of the cutterhead (m2).  

 Here, N1(60) is used as the geotechnical parameter to represent the general shear strength 

and stiffness of the soil. It is presumed that the soil strength/stiffness will significantly influence 

the SE required to excavate the ground. The recorded SE for one tunnel in the Queens ESA 

project overlaying the most probable ESU (a) and average N1(60) (b) from the geostatistical 

simulations within the tunnel horizon is presented in Figure 5.14. For the ESU profile 

background, the transparency is reflective of the uncertainty in the ESU prediction (higher 

transparency corresponds to higher uncertainty). Examination of the SE overlaying the geology 
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reveals some general trends. For example, SE is notably higher in regions where bedrock (BR) 

and Gravel are more probable. Furthermore, the magnitude of SE reflects the degree of mixed 

face conditions, such as around rings 25-50. The SE is lower when BR only covers 

approximately half of the excavation (~ ring 25) compared to when the majority of the 

excavation consists of BR (rings 1-10 and 30-40). Similar trends can be observed in Figure 5.14 

(b) where higher SE generally occurs in regions of higher average N1(60). 

 

Figure 5.14: Recorded specific energy for one of the tunnels in the Queens ESA project, 
overlaying the most probable ESU (a) and average N1(60) (b). Note, the transparency in (a) 
corresponds to the uncertainty in the most probable ESU (higher transparency equates to higher 
uncertainty. 

5.4.1 Specific Energy vs. Probability of ESUs 

To assess the correlation between the variability and uncertainty in ESU with SE, Figure 

5.15 presents SE and the probability of occurrence of the three primary ESUs (BR, Gravel and 

GT) vs ring. While similar trends observed in Figure 5.14 (a) are evident, a point-wise linear 

regression between SE and P(ESU) does not reveal a strong correlation. Calculated R2 values are 

0.13, 0.06 and 0.31 for SE vs P(BR), P(Gravel) and P(GT), respectively. The lack of strong 
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correlation is not entirely surprising, as it is more plausible that geotechnical parameters 

influence SE than simply the geological classification. This would particularly be the case for 

ESUs with highly varying geotechnical parameters within the unit, as well as multiple ESUs that 

at least partially share similar ranges in geotechnical parameter values. 

 

Figure 5.15: SE and P(ESU) vs. ring number for the three predominant ESUs excavated in one of 
the tunnels from the Queens ESA project.  

5.4.2 Specific Energy vs. N1(60) 

The correlation between SE and N1(60) is assessed using both the average N1(60) and the 

individual realizations of N1(60) (Figure 5.16). The average N1(60) per ring is calculated by the 

average N1(60) from the crown to invert of the tunnel horizon at the nearest location to the 

respective ring. Figure 5.16 (a) presents the average N1(60) from the geostatistical simulation, 
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while (b) presents the predicted N1(60) from a single realization of the geostatistical simulation 

that has the highest correlation with SE. Since individual realizations from the geostatistical 

simulations represent statistically possible ground conditions, it should be expected that a higher 

correlation would be observed using results from an individual realization. The point-wise linear 

regression between SE and the average N1(60) has an R2 of 0.35, whereas the R2 for SE and the 

best fit individual realization of N1(60) is 0.4. Therefore, it can be inferred that N1(60) is a better 

predictor of SE than the ESU probability. Furthermore, the individual realization of N1(60) from 

the geostatistical simulation is a better predictor than taking the average of all realizations.  

 

Figure 5.16: SE and N1(60) vs. ring number for one tunnel from the Queens ESA project. (a) 
Average N1(60) from the geostatistical simulation; (b) an individual realization of N1(60) that has 
the highest correlation with SE.  

5.4.3 Spatial Variance in Specific Energy vs. N1(60) 

Rather than seeking a direct relationship between SE and geotechnical parameter values, 

it may be more feasible to assess the correlation between the variance in SE and the variance in 

the geotechnical parameter. To investigate this, the variograms of SE and N1(60) within the tunnel 

horizon only were computed and presented in Figure 5.17 (a). It can be observed that the 
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variogram structures of the two parameters follow different shapes and ranges. The effective 

range for N1(60) is approximately 120 m, whereas SE has an effective range of approximately 300 

m. Plotting the normalized semivariance 𝛾(ℎ)/𝐿𝑎𝑔 for N1(60) versus SE (Figure 5.17 b) reveals a 

strong 2nd order polynomial trend (R2 = 0.9825). This provides indication that there is a strong 

relationship between the variances in N1(60) and SE, which could be used to forecast the 

variability in TBM performance over the tunnel alignment.   

 

Figure 5.17: (a) Variograms of SE and N1(60). (b) 𝛾(ℎ)/𝐿𝑎𝑔 for N1(60) versus SE 

5.4.4 Conclusions and Further Research 

The results of this study provide two essential observations with respect to the 

relationship between SE and N1(60). First, individual realizations of N1(60) are better suited for 

examining the relationship between N1(60) values spatially as opposed to the average from the 

geostatistical simulation. Second, the spatial variability structure in N1(60) appears to potentially 

be a good predictor for the variability in SE over the tunnel drive. With the wealth of SI and 

TBM data that already exist today, there are opportunities for further research in efforts to better 

understand the relationship between geotechnical parameters and TBM performance. However, 
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the fact that boreholes are typically not drilled directly in line with the tunnel alignment requires 

some type of interpolation to estimate what the geotechnical parameter values are within the 

tunnel horizon. Geostatistics provides a means for this, and the quantification of spatial 

uncertainty via simulations allows for a more robust assessment of the TBM/geotechnical 

parameter relationships.  
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CHAPTER 6  

SUMMARY 

As detailed conclusions are discussed in their respective chapters, this chapter provides a 

summary of the outcomes of this research as well as a discussion on the potential and limitations 

of geostatistics as applied to UCT. 

6.1 Summary 

The spatial variability and uncertainty in geological and geotechnical conditions is often 

the primary source of risks in UCT. However, current practice falls short of assessing the 

influence of spatial variability in risk assessment and quantifying spatial uncertainty. The applied 

research in the thesis aims to encourage the use of geostatistics to model spatial variability and 

uncertainty for more comprehensive risk assessments. The outcomes of this research convey the 

added value of performing such analyses on UCT SI data. 

The local approach simulation method presented in Chapter 2 is demonstrated to be a 

well-suited method for simulating geotechnical parameters for UCT works and quantifying 

spatial uncertainty. This method improves the spatial analysis from conventional global 

approach simulation methods by incorporating the geologic trends and uncertainty into the 

geotechnical parameter spatial analysis. 

In Chapter 3, a comprehensive assessment of spatial uncertainty associated with 

geological and geotechnical parameters using SI data from three projects provides a first look at 

the levels of uncertainty encountered in UCT projects. This degree of comparison has not been 

presented in the tunneling literature before, particularly for soft ground. In addition, examination 

of the relationship between geotechnical parameter spatial uncertainty and borehole spacing, and 
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other factors, reveals that prior estimation of spatial uncertainty (without borehole data) is 

difficult to achieve. This is due to the contributions to spatial uncertainty associated with several 

factors including, but not limited to, sample spacing, uncertainty in geological variability, and 

the spatial correlation of the geotechnical parameters.   

A novel application of 3D geostatistical models for the purpose of assessing and 

communicating risk (risk maps) is presented in Chapter 4. This addresses the limitation of a 

deterministic risk assessment, which does not quantify uncertainty, nor does it take into 

consideration spatial variability. These models can be used further to develop mitigation plans to 

accommodate for risks, considering the spatial variability and uncertainty in geotechnical 

conditions. The validation of the mitigation plans based on the risk maps with actual project data 

further justifies the use of geostatistical analysis in UCT. Furthermore, the strong agreement 

between the modeled and actual mitigations indirectly validate the geostatistical models 

developed for the risk assessment. The potential cost savings and risk reduction stemming from 

the geostatistical models highlights the need for the advancement of ground characterization in 

the tunneling industry using geostatistics. 

6.2 Potential and Limitations of Geostatistics in UCT 

 The potential applications for geostatistics in UCT extend beyond modelling the ground 

conditions. As conveyed through the three case studies presented in Chapter 5, further 

applications for geostatistics can include establishing baselines in GBRs that incorporate spatial 

uncertainty, performing probabilistic ground deformation analysis with numerical models that 

realistically represent the ground conditions, and improving the understanding of the relationship 

between geotechnical parameters and TBM performance, ultimately leading to improved 

production rates and automation.  
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 Other potentials include the optimization of site investigation plans and instrumentation 

and monitoring programs to reduce uncertainty and risk based on geostatistical analyses. 

Furthermore, the ability to incorporate spatial variability and uncertainty in Bayesian and back-

analysis approaches could improve the model performances.  

 The application of geostatistics does not come without some limitations. Model decisions 

with respect to the geostatistical model parameters (e.g., variogram parameters, simulation grid 

resolution, etc.) will influence the model outcomes and interpretations. In addition, the quantified 

risk assessment will be highly influenced by the chosen transformation model to quantify the 

risk. Other necessary assumptions such stationarity and averaging of the semivariance, among 

others, are also limitations to the geostatistical methods. 

Lastly, Just as numerical models are only simply models aimed at characterizing the 

ground response, geostatistical models are also just models aimed at better characterizing the 

ground conditions. Without sampling 100% of the ground, one will never truly know the actual 

variability in ground conditions. However, geostatistics enables one to make reasonable 

inferences of the spatial variability in the geotechnical data so that more representative model 

estimates of the ground conditions can be achieved.  
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APPENDIX A 

COMPANION FIGURES 

This Appendix provides companion figures relevant to the research presented in this 

thesis.  

 

 

Figure A.1: 3D rendering of ESU samples from the Queens ESA project. 

 

 

Figure A.2: 3D rendering of ESU samples from the Northlink project. 
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Figure A.3: 3D rendering of ESU samples from the CRL project. 

 

 

 

 

Figure A.4: 3D rendering of N1(60) samples from the Queens ESA project. 
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Figure A.5: 3D rendering of N1(60) samples from the Northlink project. 

 

 

 

Figure A.6: 3D rendering of N1(60) samples from the CRL project. 
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Figure A.7: Distribution of geotechnical parameters analyzed. 

. 

 

Figure A.8: Variogram maps to assess anisotropy in the horizontal direction. Frequently in UCT 
SI, however, there is insufficient data to assess this (i.e., Northlink) due to the linear nature of SI 
following the tunnel alignment. 
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Figure A.9: Transiograms for the simulation of ESU in the Queens ESA project. 
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Figure A.10: Transiograms for the simulation of ESU in the Northlink project. 
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Figure A.11: Transiograms for the simulation of ESU in the CRL project. 
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Figure A.12: Example profiles of the probability for different ESUs to exist spatially. 

 

Figure A.13: Example realizations from the SGS of N1(60). 
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Figure A.14: Example summary profiles from the post-processing of SGS. 

 

Figure A.15: An example of summarizing the probability of encountering different ESUs within 
the tunnel horizon. The transparency reflects the quantiles of the distribution of realizations. 
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Figure A.16: Assessing the convergence in quantified uncertainty at each location versus number 
of realizations. 

 

 

 

 

Figure A.17: The effect of modeling the spatial variability at different scales. 
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APPENDIX B  

VARIOGRAM UNCERTAINTY ASSESSMENT 

The uncertainty in experimental and model variograms can lead to inaccurate 

assessments of geotechnical spatial variability and uncertainty. However, there are several 

schools of thought with respect to how the uncertainty is quantified. Herein, four different 

approaches for assessing variogram uncertainty are presented: T-interval, permutation, Monte 

Carlo and subsampling. A data set of N1(60) transformed to a standard Gaussian distribution is 

used to illustrate the different uncertainty assessments. 

T-Interval 

Confidence intervals around the mean semivariance 𝛾(ℎ) for each lag distance can be 

assessed using the t-interval statistics (Navidi 2008). The t-interval statistic can be used to 

estimate the confidence interval for a population mean when only the sample standard deviation 

is known. The confidence interval is defined as: �̅� ± 𝑡𝛼/2,𝑛−1 ( 𝑠√𝑛)     (B.1) 

where �̅� is the point estimate of 𝛾(ℎ) and ( 𝑠√𝑛) is the standard error of 𝛾(ℎ). 

Even if the data is not normally distributed, one can use the t-interval when the sample 

size is large (n ≥ 30). This is because as the sample size increases, the t ratio approaches an 

approximate normal distribution regardless of the distribution of the original data. Figure B.1 

presents the 95% confidence interval of the mean semivariance at each lag. From equation (B.1), 

one can observe that the confidence interval is a function of both the sample standard deviation 

(s) and the number of samples (n). In typical UCT SI, the number of pairs used for the 

semivariance estimate in the horizontal direction increases with lag distance. Therefore, the 
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confidence interval at short distances is typically larger than at higher lag distances. In the 

vertical direction, the number of pairs generally decreases with lag distance in typical UCT SI 

and, thus, the confidence interval grows at as the lag distance increases.  

 

Figure B.1: Confidence intervals of the mean semivariance. 

Permutation 

 As a test for the significance of spatial dependence in the data, permutation can be 

performed (Diblasi et al. 2001). Here, the data values are randomly allocated to the initial spatial 

locations, and the empirical variogram is calculated for each permutation. Using a P-value test to 

reject the null hypothesis that the permutated data are uncorrelated spatially, one can assess at 

which lag distance the original data is no longer spatially correlated. This is more of a check for 

spatial correlation vs. lag rather as opposed to determining a confidence interval of the variogram 

itself. Figure B.2 presents the results of the permutation, including the minimum and maximum 

semivariance at each lag and the respective P-value. For P-values > 0.05, one cannot reject the 

null hypothesis and therefore the data are considered to be spatially uncorrelated. This approach 

aid in the estimation of the correlation length (effective range) of the data. 
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Figure B.2: Results of the permutation test. 

Monte Carlo 

 An approach to assess the uncertainty in the variogram due to the sampling (SI) layout 

consists of simulating unconditional Gaussian random fields using a predefined model variogram 

(Marchant and Lark 2004). Each realization of the simulation is sampled at the original sampling 

locations and the empirical variogram is determined. The minimum and maximum semivariance 

values at each lag from 100 realizations of the simulation is presented in Figure B.3. A limitation 

to this approach is that a model variogram is required for the simulation of the random fields. 

However, the true variogram of the data is not known and, consequently, this approach is biased.    
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Figure B.3: The upper and lower bounds of the Monte Carlo estimation of variogram uncertainty. 

Subsampling 

 Subsampling is an approach that can be used to assess the uncertainty in the variogram 

with respect to the number of data (site investigation effort) (Webster and Oliver 2008). In this 

approach, a subset of the data is randomly sampled, without replacement, several times and the 

respective empirical variograms are computed. The range of semivariance at each lag from the 

subsampling can be used to estimate confidence intervals. Figure B.4 presents two examples of 

subsampling performed in the data space (non-transformed). 3381 data points were sampled 

without replacement 100 times for N/2 and N/4 samples.  
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Figure B.4: Subsampling variograms. 

 


