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ABSTRACT

Tunneling projects in rock are characterized by a high degree of spatial uncertainty, which
is due in part to the natural, random (aleatory) variability the rock possesses. Some degree of
variability is intrinsic to all rock, and is present due to the complex nature of its deposition or
emplacement and subsequent tectonics. This variability is present at multiple spatial scales, from
heterogeneous grains to the project scale, where tectonics cause variability in discontinuity
properties. As this variability contributes to overall uncertainty in tunneling projects, it is critical
to understand and characterize this variability at multiple relevant scales. This research isolated
the component of spatial uncertainty associated with aleatory geologic variability and evaluated
statistical and geostatistical methods for quantification and characterization of this variability.
Geostatistics has been commonly used in natural resource extraction and other data-sparse
environments, and has been used extensively in this research as a means by which to better predict,
characterize or quantify spatial uncertainty associated with aleatory geologic variabilibhe As
first contribution of this thesis, 2-D covariance maps were generated for rock core specimen photos
and were analyzed to identify the number of specimens required in order to adequately represent
rock strength. This contribution identified a method by which to quantify this without testing large
numbers of specimens at great cost. Next, sequential indicator cosimulation was used t® integrat
VSDUVH ERUHKROH GDWD ZLWK D JHRORJLVWYV LQWHUSUHWLEL
added by havingageolog8fV LQWHUSUHWDW LR @ tRéeHdihtyEoRantifikaRkoo.H GD WL
7KLV LGHQWLILHY XQFHUWDLQW\ LQ D JHRORJLVWITV LQWHU:¢
geologist interpretations do not typically reflect spatial uncertainty besides boundary uncertainty
(besides qualitative indications of confidence in specific parts of geologic boundaries)., Finally
indicator kriging was used to quantify uncertainty in ground conditions both prior to and during

excavation of the Caldecott Fourth Bore Tunnel in California, USA, demonstrating an approach



by which engineers and geologists could quantify uncertainty to inform high-level decision
making. The completion of these works provides valuable insight into aleatory variability at
multiple spatial scals and demonstrates novel approaches to integrate different types of
geotechnical data, including subjective and interpreted, into geostatistical algorithms to better

understand spatial uncertainty in the context of tunneling.
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CHAPTER 1

INTRODUCTION

The process of planning, designing, and executing rock engineering projects, especially in
the subsurface, is complicated by uncertainty associated with variable geological conditions.
Throughout the life of a project, from conception to excavation and construction, geologic
uncertainty at differing spatial scales impacts performance and cost (Haas and Einstein, 2002;
Langford, 2013). Unanticipated ground conditions during excavation lead to cost and time
overruns, poor ground support design, and can ultimately be hazardous to equipment and workers
(Haas and Einstein, 2002; Bernardos and Kaliampakos, 2004). For these reasons, an understanding
of the geological uncertainty that exists at different spatial scales for a project is critical to ensuring

a successful project for all stakeholders.

Overall geologic uncertainty is epistemic, and can be theoretically minimized with repeated
sampling (Bedi, 2013). However, this is impractical for time and cost effectiveness. Accordingly,
a large amount of research has been performed in order to better understand geologic uncertainty
at multiple scales, including uncertainty in index testing due to variability in rock core specimens
at the centimeter scale (e.g. Ruffalo and Shakoor, 2009; Pepe et al., 2017), spatial uncertainty in
rock type or physical properties at the project scale (e.g. Tacher et al., 2006, Xiong et al., 2018),
and uncertainty over time during the tunneling process (e.g. Haas and Einstein, 2002; Min et al.,

2008).

As uncertainty in geology has become an increasingly popular topic of study (e.g.
Frodeman, 1995; Miranda et al., 2009; Langford, 2013; Bond, 2015), researchers have attempted
to isolate components of uncertainty into different categories; this has led to varying definitions of

the components that make up uncertainty. Bedi et al. (2013) argues that overall uncertainty is solely

1



a combination of epistemic uncertainty and aleatory variability, whereas Mann (1993 divide
overall uncertainty into aleatory variability, measurement uncertainty, sampling uncertainty, and
modeling uncertainty. Regardless of the definition of uncertainty applied, aleatory varialality is
critical component that, unlike other components of uncertainty, is impossible to reduce through

improved data collection or analysis.

Aleatory variability is present due to the complex nature of the depositional environment
or nature of emplacement of a given rock. Diagenetic, tectonic, and/or metamorphic effects also
contribute to variability. Variability in rock is present at all spatial scales; at the rock specime
(centimeter) scale, it presents as differences in grain size, shape, or mineralogy. At thretrock
(meter) scale, tectonic or metamorphic effects can cause zones of weakness or zones with higher
abrasion and strength. At the project (meter to kilometer) scale, variable, irregular boundaries and
complex lithological relationships can limit structural understanding of the local and regional
geology, in addition to local variability within geologic or geotechnical units. This compounding
geologic variability makes understanding geologic uncertainty challenging without a keen

understanding of the geologic variability.

The purpose of this research is to quantify and characterize the aleatory variability
component of overall uncertainty at different spatial scales. While numerous academic papers (e.g.
Frodeman, 1995; Miranda et al., 2009; Zhang et al., 2009; Miranda et al., 2013; Wellman et al.,
2014; Wellmann, 2017) and entire doctoral theses (e.g. Bedi, 2013; Langford, 2013) have focused
on spatial uncertainty in the geosciences and geotechnical engineering, works have largely ignored
the geological variability component of overall uncertainty. Aleatory geological variability in the
context of rock engineering projects is unique in that is presents both a scientific (geology) and

engineering (geotechnical) problem, and this research combines elements from both fields. Using



various statistical and geostatistical approaches, this research identifies which specific algorithms
and approaches are appropriate for use at different spatial scales and in different contexts.
Geostatistical approaches used in this research have rarely been used in the field of tunnel
engineering, especially when considering geological data that have not been transformed into an
engineering framework. This is largely due to the fact that geostatistical methods have historically
been developed for natural resource extraction (e.g. Krige, 1951; Strebelle and Journel, 2001;
Soltani et al., 2014) or for hydrological applications (e.g. Lin et al., 2001; Liu et al., 2004).
Therefore, when attempting to use geostatistics for the rock engineering applications in this thesis
there are challenges involved in integrating relevant geological data and genesatitgthat are

useful and relevant.

In this thesis, the first analysis focused on the grain (millimeter) scale, and was to quantify
the variability between specimens of rock core from a single rock unit that are sampled during a
project. These rock core specimens are subject to index testing such as the Uniaxial Compressive
Strength (UCS) tesWR HYDOXDWH D URFN FRUHTV DQG LQ WXUQ L
properties. However, UCS tests performed on different rock core specimens from the same rock
unit for a project return different values based on variable geologic features such as hetesogene
grain size and shape (Wong, 1982) or due to the presence of discrete features such as argillaceous
wisps and fossils in carbonate rock (Day et al., 2017). This effect of spatial geologic variability
between rock core specimens within rock units at the project scale leads to uncertainty in
evaluating the most appropriate UCS value for the unit or recognizing the variability in the UCS
values; the International Society of Rock Mechanics recognizes that increasing geologic variability
in a rock unit for a project increases the variability in the geomechanical properties of the rock

unit,aQG DGYLVHY HQJLQHHUV WR WHVW HQRXJK URFN FRUH VSt
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engineers with a quantitative measure of variability nor do they state a range of acceptable values,
leaving these decisions up to the engineers. Based on this information, there was a need identified

to relate geological and geomechanical variability for a rock unit at the project scaleacsing

core specimens. This analysis used the geostatistical concept of the variogram and associated
covariance to generate 2-D covariance maps from images of rock core specimens, and
parameterization of these maps led to a relationship between geologic (parameterization of 2-
covariance maps) and geomechanical (summary statistics of UCS values) for 18 different rock
units. These results were ugedievelop recommendations for the number of rock core specimens

required to test in order to capture the overall variability within the rockmass.

The second analysis completed in this thesis addresses a need to better understand the
XQFHUWDLQW)\ L QsddidrOdeddrated findr LARWANElING project. During the site
investigation phase of a project, geologists create cross-sections of subsurface geology based on
borehole data and a general geologic understanding of the region. These cross-sections are used
for preliminary large-scale decision making regarding a project (Fookes et al., 2000) and to make
geotechnical cross-sections to support decision making (de Vallejo and Ferrer, 2011). Variable
subsurface geologic conditions lead to some degree of inherent uncentégse cross-sections.
Further, as these cross-sections are important components that contribute to the success of a
project, a lack of understanding in spatial uncertainty in these cross-sections can leaé negati
project outcomes. Using a synthetic 2-D geologic section of rock type, sparse boreholes were given
to a geologist for him to generate his estimate of the rock type on the section. The geostatistical

approach for estimating the spatial uncertainty was done through a variogram-based simulation



algorithm, as these algorithms are ideal for generating numerous realizations that inherently are

not locally but globally accurate, and are a good metric for uncertainty due to random variability
(Maironi, 2003). The algorithm Sequential Indicator Cosimulation (COSISM) was used as there

are two types of indicatoFRGHG URFN W\SH GDWD WKH ERUHKROH GI
section interpretation. The information theory concept of entropy was used to generate 2-D maps

of uncertainty in the cross-section based on variability between realizations. Following an
intensive parameter sensitivity analysis using a simple base case, an increasing number of
boreholes from the section was iteratively given to the geologist, who created new cross-sections.
Increasing the number of boreholes given to the geologist improved the accuracy of the created
model, and as the number of boreholes increased, a different set of input parameters more faithfully
UHFUHDWHG WKH VSDWLDO GLVWULEXWdcoQ TRé resQts bfthiy/ DL Q W\
project were also used to provide guidelines for geologists and engineers to better understand the
uncertainty in their cross-sections, creating a powerful tool for integrating geological interpretation

into a structured geostatistical framework for uncertainty quantification.

The final analysis completed in this thesis was performed in the contfihished high-

profile tunnel in the San Francisco Bay region in California, USA. Variable geologic conditions

in a highly tectonized rockmass led to a high degree of uncertainty in ground conditions during
excavation. Due to the geological environment, ground conditions changed over scales on the order
of several meters, leading to unexpected changes in support requirements and potentially
hazardous conditions for workers and equipment. Both data acquired prior to excavation
(boreholes) and data acquired during excavation (face maps) were used to quantify uncertainty in
ground conditions both prior to and during excavation. Rock Quality Designation (RQD) in

boreholes correlated reasonably well to the engineering Ground Class, while true Ground Class



conditions were recorded in face maps. The correlation between RQD and ground coisditions

not only inherently uncertain, but it is alsballenging to use such a correlatitmappropriately

estimate the Ground Class distribution along a tunnel alignment and the associated uncertainty. In
this case, indicator kriging was used to estimate the Ground Class and uncertainty. Two histogram
sampling methods between RQD and Ground Class were evaluated, and face maps were used to
compare these methods. Once this was completed, face maps were iteratively added as input data
to the geostatistical simulations in order to evaluate the reduction in uncertainty ahead of the

maximum extent of excavation (the farthest point excavated) at each excavation interval.

Collectively, the contributions in this thesis advance the capabilities of scientists and
engineers to account for spatial uncertainty in rock across a range of scalessddrch integrates
many different types of data that are outside the bounds of the conventional geostatistics, including
high resolution image data and uncertain human interpretations. Additionally, this research
carefully combined multiple data types, including data of the same variable with large differences
in extent and coverage, and data that were conflicting (e.g. the prior information did not agree with
information obtained through subsequent sampling). The next Chapter summarizes relevant
research on uncertainty quantification in tunneling projects and geostatistics. The following three
chapters present the three projects introduced above. Chapters 3 and 4 are papers that have been
accepted for publication in the journ&Engineering Geologyas written, while Chapter 5 is
intended for journal submission immediately following the submission of this dissertation
document. Chapter 6 provides some an overview of the conclusions from this body of research as

a whole.



CHAPTER 2
RELEVANT LITERATURE ON THE APPLICATION OF GEOSTATISTICAL

APPROACHES TO GEOLOGICAL ENGINEERING PROBLEMS

In rock mechanics, geologic uncertainty has been studied as early as the first ISRM
Congress in 1966 (Hadjigergiou and Harrison, 2012), as scientists and engineers have long
considered an understanding of uncertainty and error essential to successful rock engineering
project planning, design, construction, and excavation. As rock is a heterogeneous and variable
material for engineering purposes, many different approaches have been developed in order to help
understand the rock and aid engineers take on difficult and challenging projects. Much of this work
considered the grain scale, with an attempt to understand how the individual grains of the rock at
the millimeter and centimeter scale behave and how this affects how rocks break and fail (Wong,
1982; Martin, 1994; Martin and Chandler, 1994). This research took a much different approach,
using geostatistics to map the rocks and quantify heterogeneity and anisotropy within rock

specimens.

Numerous empirical systems including the Q-System (Barton et al., 1974), Rock Mass
Rating (Bieniawski, 1976), and the Hoek-Brown Failure Criterion (Hoek and Brown, 1980) were
developed to help engineers predict rock mass behavior and evaluate support needs for
underground excavations. Many of these systems rely on index testing of core specimens sampled
from the rock, and it is critical that a sufficient number of specimens are tested to fully capture the
variation present. Much of this work has been based on statistical analyses that used large data sets
to constrain the most appropriate number of specimens (e.g. Gill et. al., 2005; Ruffolo and Shakoor,
2009; Pepe et. al., 2017), but this is inherently costly and labor-intensive. This research uses the

understanding of rock specimen behavior outlined be numerous authors (Wong, 1982; Martin,



1994; Martin and Chandler, 1994) and used the concept of geostatistics to constrain the number of

core specimens by quantifying variability within each specimen.

These systems have been further refined as engineers have found that variable rockmass
conditions are difficult to characterize in the framework of an empirical system (Palmstrong and
Broch, 2006; Cai, 2011). Others have found that uncertainty is not always properly recorded or
reported when establishing rock and discontinuity property inputs for empirical systems, and that
under-sampling with respect to the geologic variability of the material leads to unreliable results
when attempting to use an empirical system for rock mass behavior, design, and support (Priest

and Hudson, 1981; Gill et al., 2005; Ruffolo and Shakoor, 2009).

In natural resource exploration, statistical and geostatistical methods for spatial uncertainty
guantification have been widely used (Goovaerts, 1997; Deutsch and Journel, 1998). Many of
these methods are based on the variogram approach for spatial correlation quantification (Cressie,
1985), and range from deterministic approaches such as kriging (Delhomme, 1978; Cressie, 1990)
to probabilistic approaches such as stochastic simulation (Deutsch and Cockerham, 1994).
Multiple point statistics including training images (Strebelle, 2002) are also used for spatial
uncertainty quantification, as well as other approaches including Markov Chains (Miall, 1973;

Elfeko and Dekking, 2001) and Transition Probabilities (Carle, 1999).

The remainder of this section will discuss some of the many different algorithms and

approaches introduced above, as well as the specific applications of each approach.

2.1 Variogram-Based Geostatistical Tools for Quantifying Spatial Uncertainty

Variogram-based algorithms have been used extensively in the geosciences, including
applications in natural resource evaluation (e.g. Xu et al., 2002; Horata and Soares, 2010) and

8



environmental remediation (e.g. Cattle, 2002; Liu et al., 2004). All of these algorithms are based
around the variogram, which is a function that represents the spatial correlation of a data set

(Bohling, 2005).

The variogram is a 1-D representation of the spatial continuity of data in a given direction
(Bohling, 2005). The variogram is a function of lag distance, or the distance between data points,

and is given by Matheron (1963) as Equation 2-1.

N 5 ~
0D L 5opAc:0:VQ E OF VQ;° (2-1)
In Equation 2-1, Kis the value of the variogram at a distancé ofietersN(h) is the

number of data pairs at a lag distanch ofeters, andz(u+h) +z(u)Yis the squared difference of

a pair of data separated by a distarice meters.

An example of a variogram with associated covariance can be found in Figure 2-1. As lag
distance increases, the variogram value increases and the covariance value decreases. The
variogram value at which the no more increase is observed is called the sill value, and the lag

distance at which that occurs is called the range.

Each point on the variogram is representative of all of the data pairs that are separated by
a certain lag distance within a certain lag tolerance. The covariance values are arediusfaf
the variogram that are used to represent the variogram in the majority of variogram-based
algorithms, and, assuming no small-scale error is present, these values are commonly calculated

as the sill of the variogram minus the variogram value at each lag distance (Christakos, 1984).
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Figure 2-1: An example of a variogram and associated covariance.
2.1.1 Kriging

A simple algorithm that utilizes the variogram is kriging. Kriging was developed for the
purposes of estimating spatial ore concentrations in gold mines in South Africa, in an environment
where measured data are sparse (Krige, 1951). Kriging is a linear unbiased estimator that estimates
values at locations in space where data have not been measured by calculating the weights of
nearby (measured) data points, honoring the spatial correlation established by the variogram and
reducing the effect of data clustering by decreasing the weights of clustered data (Matheron, 1963)
With the weights solved using the covariance (from the variogram) with the distance between
measured points and the unknown point, as well as the distance between measured points to limit
the effect of data clustering, the value at the unknown point is calculated using Equation 2-2.

10
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In Equation 2-2,: 0. Q ;is the kriged value at unknown locati@d®, &,is the global mean
value over the regignégs the kriging weight for thé" conditioning point, and s the value at

thei™ conditioning point (Yamamoto, 2000).

Additionally, kriging returns a value for uncertainty in the result, which is called the kriging

variance (Yamamoto, 2000).
e:@;L f>:@;F:%@;? %r;F a0y (2-3)

In Equation 2-3,8%:@; is the kriging variance at a locatia®, %r ;is the value of the
sill of the variogram, andch UU?Qis the dot product of the vector of kriging weigh&and the
vector of datae-unknown covariances:igure 2-2 shows an example of a kriged map of nitrate
vulnerability transformed into ten categories in New Zealand; the nitrate monitoring wells used in

the analysis are shown on both maps (Baalousha, 2010).

As this figure shows, kriging is a powerful tool for deterministically estimating properties
away from known data points, and is useful for a baseline analysis of the potential spatial
distribution of a property. Additionally, the kriging variance gives an associated estimate of the
spatial error in the deterministic solution (Haas, 1990), and as the data in Figure 2-2 show, away
from data points where the kriging variance is highest, the estimated value trends towards the

mean.
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Figure 2-2: Kriged map with categorical variables using nitrate monitoring wells in New Zealand
(left) and kriging variance map (right) (Baalousha, 2010).
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While kriging does output a metric for uncertainty (the kriging variance), it is not an ideal
metric for comparing uncertainty between simulation grids, as this value is homoscedastic,
meaning it is independent of the data values for the conditioning data used to obtain the kriging
estimate (Olea, 1991; Yamamoto, 2000). This makes the kriging variance useful for only
comparing different sections of the same grid or for testing sensitivity in the input parameters for

the kriging algorithm.

Since its introduction, kriging has been modified significantly for a broad array of
applications, including the ability to take on indicator-coded values and categorical values (e.g.
Bierkens and Burrough, 1993) and the ability to incorporate secondary data, also known as
cokriging (e.g. Xu et al., 1992). In a general cokriging approach, the sparse measured data are used
as primary data, and spatially extensive, low-resolution data are used as secondary data to inform
the spatial correlation of the primary data, which is the data property being evaluated throughout

the grid (Zhu and Journel, 1993; Goovaerts and Journel, 1995).

Indicator kriging, used in this research, is commonly used when continuous data possess
one or more critical data thresholds, such as a maximum allowable value of contaminant
concentration in groundwater (e.g. Liu et al., 2004) or minimum value of permeability in an aquifer
(e.g. Ritzi et al., 1994). We use indicator kriging differently in this research by not definaitsc

which returns probabilities of each categorical variable occurring.

2.1.2 Simulation

Variogram-based stochastic simulation algorithms draw upon kriging for interpolating
random or categorical variables between locations of known information. However, whereas

kriging is a deterministic approach, stochastic simulation algorithms are a probabilistic approach
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that use the kriging estimate and the kriging variance to produce multiple equally-probable
simulations of the region (Deutsch and Journel, 1998). In practice, these algorithms are primarily
used in fluid transport or to identify spatial patterns such as geological features or regions of
uncertainty (Lin et al., 2001; Lee et al., 2007; Soltani et al., 2014). In the field of tunneling
engineering, simulation algorithms have been used to estimate rockhead elevations or for SPT

(standard penetration test) values (Grasmick, 2019).

In order to generate a realization using a stochastic simulation algorithm, a random path to
every location on the simulation grid is created. At each location along the path, the kriging
estimate and kriging variance are calculated. The kriging estimate and kriging variance become
the mean and variance of a conditional cumulative distribution function (ccdf) from which a Monte
Carlo draw is used to assign a value at the location (Soares, 2001). This process is completed for
the remainder of the grid; the incorporation of previously-simulated locations as conditioning data
DOORZV IRU D pMiraR R &l KfHHe fochitidns Xvers\simulated independently of each
other, and new realizations are created using a different path around the grid (Soares, 2001). Due
to this approach, realizations from simulation algorithms are inherently not locally accurate, but
are a good metric for uncertainty due to random variability (Maironi, 2003). An example of this is

presented in Figure 2-3.

Figure 2-3 shows three realizations of spatial soil water content in a region using the same
set of input parameters. As can be seen in the realizations, there are a number of global features or
trends that do not change considerably, but there is a high degree of local spatial variation. This is
due to the changing path that populates the simulation grid; the algorithm takes known data and
the variogram as inputs and honors the known data and the spatial correlation, including the

presence of global-scale features. However, away from known data, there is a higheofdegree
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uncertainty, and the algorithm will use the known data and the spatial correlation as defined by the

variogram in conjunction with previously-simulated values in order to generate a realization.
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Figure 2-3: Three equally-probable realizations of soil water content over an area (Delbari et al.,
2009).

Like kriging, variogram-based stochastic simulation algorithms have been modified in a
number of ways to be more flexible to meet the varying needs of geoscientists. Whilgiakque
Gaussian simulation, which transforms variables into Gaussian space prior to simulation (e.g. Lin
et al., 2001; Delbari et al., 2009) and direct sequential simulation are common (Caers, 2000;

Soares, 2001), simulation has been modified similar to kriging to successfully allow for the use of
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categorical variables (indicator simulation) (e.g. Journel and Isaaks, 1984; Deustch, 2006) or to
incorporate secondary data (cosimulation) (Zhu and Journel, 1993; Le Ravalec-Dupin and De
Viega, 2011; Azevedo et al., 2015; Nunez et al. 2017). In this research, however, cosimulation is
extended to include cosimulation with both primary and secondary variables of the same data type,
which has not been used in practice. This was done using heavy modification of the variogram of
the secondary data and through decimation of these data, which has only been previouosly
extensively used in the work of Koch et al. (2014), who showed that decimation is a viable as long

as the spatial correlation of the data is maintained.

2.2 Other Statistical Tools for Quantifying Spatial Uncertainty

Numerous non-variogram based geostatistical and statistical methods have been applied to
characterize uncertainty due to variability in spatial uncertainty for geotechnical problems. This
section will introduce several of these, as principles from these approaches were incorporated into

this research.

2.2.1 Random Fields

As discussed earlier, spatial uncertainty in geotechnical and geological engineering
problems is considered to result largely from aleatory variability, or effectively random chance.
As this is considered to be a random process from an engineering perspective, much work for
probabilistic approaches in geotechnical engineering has utilized the concept of random fields to
estimate spatial attributes when data are unknown (Fenton and Vanmarcke, 1990; Vanmarcke,
2010). A spatial random field can be constructed using a number of different stochastic

approaches, with the end result being numerous realizations of spatial attributes that can be used
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for probabilistic analyses, such as for a factor of safety calculation for slope stability (Griftiths a
Fenton, 2004; Griffiths et al., 2009) or for estimating fluid transport (Mantoglou and Wilson, 1982;

Sorbie et al., 1994; Oliver and Chen, 2011).

In their work, Griffiths and Fenton (2004) and Griffiths et al. (2009) utilized random fields
for slope stability in soils to estimate the probability of slope failure and the factor of safety of a
slope. The random fields in their work were built using the random finite element method, or
RFEM. In RFEM, spatial soil properties, including the shear strength (Griffiths and Fenton, 2004)
or the cohesion and friction angle (Griffiths et al., 2009) are assumed to have a hormal or lognormal
distribution with a mean and a standard deviation, as well as a correlation length. The correlation
length is a metric that defines the anticipated spatial distance for which a random process is
correlated (Griffiths et al., 2009). Figure 2-4 shows two random fields of soil shear strength for a

slope, utilizing two different correlation lengths.

Much like variogram-based simulation algorithms, random fields are not locally accurate,

but are better suited for a probabilistic analysis of problems with unknown spatial parameters.

b) O, =2

Figure 2-4 Shear strength random fields and resulting equilibrium deformation for a soil slope
modeled utilizing two different correlation lengtiga) 0.2 units and (b) 2.0 units (Griffiths et
al., 2009).
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2.2.2 Markov Chains

Markov Chains have been used extensively in geology, as processes such as transition
probability in sequence stratigraphy are considered to be Markov processes (Krumbein and Dacy,
1969). In sedimentary layers, Markov Chains are used to estimate the probability of changing state
(lithology) or remaining in the same state based on the current state; these probabilities are viewed
as matrices (Krumbein and Dacy, 1969). In many cases, the transition probability matrix in the
vertical direction is informed by well logs, whereas the horizontal transition probability matrix is
typically informed by geological maps or other indirect methods such as geophysical data (Elfeko
and Dekking, 2001). A simple transition probability matrix using a Markov Chain in a carbonate-

siliciclastic depositional environment is found in Figure 2-5.

1 2 3 4 5 6 7 8
0-00 0-11 006 0-39 0-03 0-05 021 0-27 )
0-59 0-00 0-06 0-28 0-03 0-04 0-22 0-28
0-08 0-11 0-00 0-26 003 000 0-21 026
0-11 0-14 0-07 0-00 0-04 0:05 0-27 0-34
0-08 0-11 0:05 026 000 004 020 026 | 'Y

[ 008 0-11 005 0-26 003 0-00 0:21 0-26
0-10 0:13 0-07 0-31 004 0-05 000 031
LO-]O 0-15 0-07 0-33 0-04 0-05 026 000 |
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Red siltstone

Red shale

Grey coarse to medium sandstone
Grey fine sandstone

Grey siltstone

Grey shale
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Figure 2-5: Transition probability matrix in a carbonate-siliciclastic sedimentary environment
(Miall, 1973).

Based on the transition probability matrix in Figure 2-5, the probability of being in Red
Sandstone and transitioning into a Red Siltstone is 0.11, while the probability of the inverse
occurring is 0.59. As there are zeros along the diagonal, this was created using an embedded
Markov Chain, whereas typical Markov Chains allow for non-zero probability values to be

associated with the outcome of remaining in the same state (Elfeko and Dekking, 2001).
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Markov Chains are regarded as conceptually simple, and have been used in a wide array of
spatial uncertainty applications. While many of these include coal seams and other applications
involving sequence stratigraphy (e.g. Jones and Dixon, 1976; Jones et al., 2005; Dindarloo et al.,
2015; Ju et al., 2019), Markov Chains have been used to estimate spatial uncertainty in soils (e.g.
Ching and Wang, 2016; Qi et al., 2016) and for estimating discrete fracture characteristics in rock

(Snyder and Waldron, 2018).

Figure 2-6 shows an example of a simulated 2-D geologic section based on boreholes in a
setting with three rock types. The vertical transition probability is calculated from the actual
transitions in the boreholes, and the horizontal transition probability is calculated based on a
regional understanding of the geology. A Monte Carlo draw is used to estimate the rock type based

on the transition probabilities (Qi et al., 2016).

Legend: ==m clay —— sand it

Conditional boreholes
Virtual borholes

Figure 2-6 Rock type estimated using Markov Chains and borehole data (Qi et al., 2016).
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2.2.3 T-PROGS

An extension of the Markov Chain approach for estimating spatial uncertainty is the
development of Transition Probability Geostatistical Software, known as T-PROGS (Carle 1999).
This software has been used extensively in geological and hydrological applications for spatial
uncertainty estimation. This software utilizes the approach in Carle and Fogg (1996) and Carle and
Fogg (1997) regarding Markov Chains with categorical variables, and has been utilized in a large
number of applications, includlh K\GURJHRORJ\ HJ )OHFNHQVWHLQ HW D
al., 2012) and geotechnical engineering (Felletti and Beretta, 2009; Zetterlund et al., 2011; Koch

et al., 2013). An example of three realizations from T-PROGS can be found in Figure 2-7.
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Figure 2-7 Three realizations from T-PROGS (Fleckenstein et al., 2006).
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2.2.4 Multiple Point Statistics

Much of the work in early geostatistics utilized variogram-based approaches for spatial
interpolation or to stochastically generate realizations of subsurface geology. Variogram-based
approaches, which were introduced previously, are considered to be two-point statistics, as
variograms are created using pairs of data and the lag distances between them. However, one of
the drawbacks of these approaches is the challenge of incorporating geologic information or known

geometries, as variogram-based approaches solely consider spatial correlation.

This limitation of two-point geostatistics led to the development of multiple point statistics,
where a variogram is no longer required, and spatial patterns are given in the form of a training
image (Strebelle, 2002). Training images generated for a location identify patterns adticipate
the geologic environment of interest and use these patterns to stochastically interpolate between

measured data (Caers and Zhang, 2004). An example of this approach is found in Figure 2-8.

Training images have been widely utilized in reservoir characterization (e.g. Strebelle and
Journel, 2001; Caers, 2002; Mariethoz and Caers, 2014) when the geologic environment can be
inferred by a geologist. For example, a training image for a deltaic environment or a fluvial
environment will contain different geometries based on the anticipated geometrical relationships
for that specific environment. This creates a powerful tool for replicating anticipated spatial
correlation and patterns without an overly-smooth or unrealistic result that might be obtained using
a variogram. Figure 2-8 shows the creation of a geologically-reasonable output using this approach
with training images. Using sample data and geometries that are reasonable, training images allow
for the creation of multiple realizations that honor both the obtained data and the expected

geometries.
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Figure2-8 D p7UXHY JHR (RMeasw@d Batd lotaGons; (c) Training image used
for simulating the true geaddy; (d) Training image of the ellipse structure patterns in the training
image;(e-f) Two realizations of an algorithm using the training image and measured data to
simulate the true geology (Strebelle, 2002).

2.2.5 Decision Aids for Tunneling

Quantification of uncertainty at the project scale during the tunneling process can be

performed using Decision Aids for Tunneling, commonly known as DAT. DAT is a computer-
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based tool used to estimate cost and time information for a tunnel before and during construction
(Einstein et al., 1999). This approach was developed to incorporate spatial geological and
construction information for the project (Einstein at al., 1999), and was later modified to include
resource allocation (Min and Einstein, 2016). Essentially, this tool was developed to help engineers
simulate the construction of a tunnel a priori, and to evaluate and incorporate spatial uncertainty
in geology and the nuances of construction to estimate the total cost of constructing the tunnel and

the length of time the tunnel it will take to be constructed (Min et al., 2003).

One of the primary elements of DAT is the simulation of geology and ground class using
geological information obtained from site investigation. First, the alignment of the tunnel is
subdivided into different geological or geotechnical units, if applicable (Haas and Einstein, 2002).
Within these geological units (and occasionally for the geological units themselves), the length of
each lithology or geotechnical unit is simulated through the use of Markov Chains (Haas and
Einstein, 2002; Min et al., 2008). The result is lengths of ground classes anticipated during tunnel

construction. An example of this process is found in Figure 2-9.

TOnEs [' sedimentary rocks | metamarphic rocks |m‘lnﬁmr'l| sedimentary rocks
parameters: —
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ground class: |gnn:t mnﬂqlw]m.al bad . | 000 coNGonS | bad conditions }me-dium E:]
distance along tunned axis >

Figure 2-9 Ground classes resulting from Markov chain simulation of lithology and water
LQIORZ ZLWKLQ pPHWDPRUSKLF URFNVY +DDV DQG
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The construction simulation component relates the construction process to each anticipated
ground class from the simulated geology. Information such as support installation and excavation
method over the course of the alignment, which contain cost and time components, are used for
estimating the overall anticipated length of construction and overall cost (Haas and Einstein, 2002).
Another component of this includes simulation of resources such as muck and support materials
(Einstein et al., 1999; Min et al., 2008; Min et al., 2016). These components rely on a reasonable
estimation of spatial geological uncertainty, as uncertainty in these values contributes to error in

estimation of construction time or cost, as well as the cost of resources.

DAT was originally intended to be used only prior to construction (Einstein et al., 1992),
but more recent modifications have allowed for updating during construction with additional
information (Min et al., 2016). This is primarily performed using face mapping data to better
inform the geological transition probabilities in the Markov chains (Min et al., 2008). Example

results from DAT can be found in Figure 2-10.

As shown in Figure 20, updating information (Phase Il) narrowed the distribution of
results in the case of both analysis methods that were employed. This is due to a better
understanding of the uncertainty in the geological conditions anticipated in the tunnel during

construction.

As opposed to DAT, this research used variogram-based geostatistics as the basis of
estimation of uncertainty of ground conditions within a tunnel. This inherently does not give a
measure of time and cost uncertainty for a tunnel, but can be used to aid engineers and geologists

to better understand what factors will influence the cost and timeline for the project.
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Time-cost Scattergram for the Sucheon Tunnel (One Time)
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Figure 2-10: Example Time-Cost scattergram from DAT using prior information (Phase 1) or

updated information (Phase II) (Min et al., 2008).
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CHAPTER 3
ASSESSMENT OF ROCK UNIT VARIABILITY THRQGH

USE OF SPATIAL VARIOGRAMS

This article was published by Engineering Geology, 233, D. Lane'B@yitney Trainor-
Guittor?, and Gabriel Waltoh Assessment of rock unit variability trough use of spatial
variograms, 200-212, Copyright Elsevier (2018).

Abstract

All rock units contain a certain degree of variability, which is an intrinsic property of the
material. This variability can present itself in differences in mineralogy, grain size, grain shape,
porosity, or a number of other ways. This presents a challenge when attempting to identify the
number of specimens required in order to capture the geomechanical variability of a rock unit. For
instance, while a homogeneous granite may only require a few specimens to characterize the
spectrum of geomechanical behavior anticipated within the unit, a moderately to highly
metamorphosed rock unit such as a gneiss, a schist, or a meta-igneous or meta-sedimentary rock
may require a significantly larger number of specimens. This discrepancy can lead to over-testing,
which induces an unnecessary excess cost, or under-testing, which could lead to an under-
representation of the geomechanical variability possible within a rock unit. While previous works
have considered robust statistical approaches such as Monte Carlo simulations and confidence

interval analysis with large data sets, this work presents a practical empirical methodology of
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assessing geologic and geomechanical variability by analyzing images and the respective uniaxial
compressive strength (UCS) of core specimens. Once corrected for lighting irregularities and other
deleterious influences, two-dimensional covariance maps and one-dimensional variogram samples

are calculated for each rock core and used to extract several metrics for rock unit geologic
variability. These metrics are then correlated to geomechanical variability based on UCS testing
results. Ultimately, these correlations can be used to find the number of specimens required to
HVWLPDWH WKH URFN XQLWYYV PHDQ 8&6 ZLWKLQ D VSHFLILH!
one to quickly analyze core images of a specific rock type and evaluate hovepeainyens are

required for testing.

3.1 Introduction

Rock, unlike most engineered materials, possesses a large degree of variability in physical
characteristics, even within the same geologic or geotechnical unit. This degree of variability can
be relatively small, such as within a homogeneous granite, or be large, such as within a highly
foliated gneiss with mineral segregation and folding. This variability is often apparent in the
mechanical properties of rocks, including their uniaxial compressive strength (UCS) values.
Consider the five rock units outlined in Figure 3-1. These rocks range from a granite with low
variability in both geologic characteristics and UCS values to a gneiss with a large degree of
geologic variability and a large range of UCS values. It would be reasonable to assume that only
a few samples of the granite would be needed in order to estimate its geomechanical properties,
while a greater number of specimens would be needed for the gneiss. This is problematic when
attempting to determine how many specimens to test to adequately characterize the geornechanica

SURSHUWLHV RI WKH URFN ,650 JXLGHOLQH \Waieiepresanrt WHV W I
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done to attempt to quantify the number of specimens needed to characterize the rock unit has
employed the use of robust statistical approaches on a large number of UCS specimens (Gill et.

al., 2005; Ruffolo and Shakoor, 2009; Pepe et. al., 2017). While useful, these methods are not
practical for an engineer to replicate for each rock unit encountered during a project. Tie aim

this work is to develop a reliable system that can be used in the field and in testing facilities to
HDVLO\ DQG REMHFWLYHO\ FKDUD F W itityandi tb &St&tistGieWiidadiyd R1 D L
specimens are required to characterize its mechanical properties. This is achieved through the use

of a geostatistical approach to characterize lab-scale specimen geologic variability, wkiemncan

be correlated with geomechanical variability.

3.1.1 Variability and Uncertainty in Engineering and Rock

In the geosciences, there exists an inherent problem of incomplete knowledge in the
understanding of geologic and geomechanical characteristics of rock units, especially with respect
to the subsurface. This incomplete knowledge is commonly ascribed to two different categories:
epistemic uncertainty and aleatory variability (Bedi, 2013; Langford, 2013). Epistemic uncertainty
is a result of unpredictability due to a lack of knowledge (Bedi, 2013). Eliminating this factor for
subsurface properties is practically impossible, as it would require access to complete and fully
accurate information. Aleatory variability, conversely, is unpredictability due to inherent
randomness (Bedi, 2013). It is also a function of scale, with variability ranging from grain to field
scale influencing unpredictability in the geologic and geomechanical aspects of an engineering

project (Langford, 2013). This, unlike epistemic uncertainty, can be reasonably quantified given
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sufficient data. Previous work done in epistemic uncertainty has typically consisted of updating

probability values each time new data became available.

OXFK RI WKH UHFHQW ZRUN KDV EHHQ SHUIRUPHG XVLQJ ¢
2013; Miranda et. al., 2009) in addition to numerous types of numerical modeling and probabilistic
methods (Day et. al., 2012; Day, 2017; Einstein, 1996; Jing, 2003). While quantifying epistemic
uncertainty has been extensively studied and remains is a target for future research, this work will
focus on aleatory variability only. In order to understand aleatory variability, large aymfunt
high quality data are required. This is in contrast to characterizing epistemic uncertainty, where

the quantity or quality of data, or both, are lower (Bedi and Harrison, 2013).

3.1.2 Factors Influencing UCS Variability in Rock Cores

Rock strength has been extensively studied, often with the intent of ultimately applying
laboratory results to evaluate the behavior of an in-situ rock mass as a whole (Ghazvinian,
Diederichs, and Martin, 2012; Hoek and Brown, 1980; Hoek and Brown, 1998; Martin and
Chandler, 1994). The most commonly used index tests for rock strength is the Uniaxial
Compressive Strength (UCS), where an unconfined rock core of known dimension is subjected to
uniaxial compression until failure. The failure mechanism of brittle rock specimens under such
loading conditions is the development and eventual coalescence of microcracks within the core.
Initial crack development occurs at the grain boundary, with inter-granular microcracks
developing around the time of coalescence. As a result, grain scale inhomogeneity leads to inherent

variability in the location, length, and density of microcracks (Wong, 1982).
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Granite  Limestone Metagranite = Granodiorite Gneiss
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Figure 3-1: Comparison of UCS variability for five different rock units. Photos and UCS
information were provided by Natural Resources Canada.
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For example, in the Cobourg Limestone, microcracks develop around the larger mineral
grains, and preferentially traveled through the argillaceous wisps and fossils (Day et al., 2017). In
Westerly Granite, once intergranular cracks form, its behavior has been observed to be dependent
on the mineralogy, with cleavage cracks forming in the feldspar grains and sub-vertical cracks
forming in the quartz grains (Wong, 1982). This implies that heterogeneity in grain size, shape,
and mineralogy will affect microcrack properties, which will further have impact on the

geomechanical properties of the core.

One of the most important factors that influences uniaxial compressive strength is the
presence of discrete macroscopic defects, such as mineralized veins. These large defects
commonly lead to lowered strength values and are considered outliers in standard analyses,
however these defects impact the overall geomechanical properties of the rock unit. Current ISRM
guidelines for specimen preparation recommend that no cores should be tested that contain one or
more discrete geologic weaknesses (Ulusay, 2014). However, recent work is beginning to
incorporate the presence of veins in rock core in order to characterize a rock mass. These works
attempt to understand the influence that discrete veins have on the overall rock mass, and utilize
numerical simulations in order to fully characterize both the rock core specimens and the rock
mass (Turichshev and Hadjigeorgiou, 2017; Vallejos et. al., 2015). Any attempt to characterize
geologic variability in the context of geomechanical behavior must recognize and address the

significance of these features.

3.2 Methodology

As previously stated, the aim of this work is to investigate the relationship between

geologic and geomechanical variability, and use this relationship to evaluate the number of
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specimens required to characterize the UCS of a given rock unit. Thus, two terms must be defined
for a given rock unit: geomechanical and geologic variability. In this study, geomechanical
variability is represented by the coefficient of variation of all of the UCS values for a given rock
unit ( ). The coefficient of variation was selected (rather than the standard deviation) such that all
the rock units studied could be easily compared despite their different mean UCS values.
Quantifying geologic variability requires many steps, with the central calculation the 2-D

covariance map which maps the spatial correlation of the rock cores.

Consider the flowchart in Figure 3-2 (page 32 URFN XQLW QDPHG u;1 KDV D
cores images A-E. These images are first put through an algorithm in MATLAB whictatgene
one 2-D covariance map for each core. Next, each of these 2-D covariance maps is sampled in 64
directions, and the variability from each of the 2-D covariance maps is evaluated by calculating
the variability of the 64 1-D samples. Finally, the coefficient of variation of metrics for A-E are
FDOFXODWHG HDFK RI ZKLFK UHSUHVHQWY D PHDVXUH RI YO

process is explained in greater detail in the following section.

3.2.1 Spatial Covariance and the Variogram

Spatial (2-D) covariance and variograms have been used for decades, with their primary
use involving interpolating data when there is missing information. For example, 2-D covariances
are used in Kriging analysis, when properties such as porosity or permeability are known at discrete
boreholes with no information between the borehole locations (Bohling, 2005; Drew et. al., 2004).
&RQVLGHU 1 SDLUV RI SRLQWYV WKDW DUH VHSDUDWHG E\ D
horizontal. The general equation for the ergodic spatial (meaning the average is assumed to be the

same over the entire area) covariance for all of these points is defined as Equation 3-1..
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In Equation 3-1, Kis the value of the variogram at a distancé ofietersN(h) is the
number of data pairs at a lag distanch ofeters, andz(u+h) +z(u)Yis the squared difference of

a pair of data separated by a distance mieters.
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Figure 3-2: Flowchart showing the general method of obtaining geologic variability for a rock
type; *Coefficient of Variation

3.2.2 Generation of a 2-D Covariance Map

In most variogram analyses, the input consists of discrete points that represent sampling
locations such as boreholes. This means that there are large portions of the area of interest with
missing information. In image analysis, however, there exists large amounts of data with each
pixel representing a data point. With a typical resolution of 1024 x 1024, this equates to just over
half a trillion data pairs, which leads to computational issues if all pair-wise covariances are
computed using a standard spatial approach (Marcotte, 1994); as such, a faster system is required
to evaluate the data pairs. The solution lies in computing the covariances in the Fourier domain,

which decreases the number of data pairs for a 1024 x 1024 image from 5.5*1011 pairs to 46
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million pairs, decreasing computing time. This is completed using MATLAB code developed by
Kryiakidis (2005a; 2005b; 2005c) and using principles from Marcotte (1994) in order to generate

2-D spatial covariance maps for each image.

In order to generate a 2-D spatial covariance map from a rock core image, some
modifications are necessary to ensure that the results are representative of the true specimen grain
structure. First, the image is converted to grayscale and subjected to filtering to remove lighting
irregularities. This process will be described in detail in Section 3. Next, it is cropped to remove
any portions of the image that should not be analyzed, such as portions that are not rock or portions
of rock covered by writing. Once this is completed, the image is run through the aforementioned
code with grayscale intensity values ranging from 0-255 as the variable of interest. The output is
a spatial 2-D spatial covariance map and a map showing the number of data pairs at each location

in the 2-D spatial covariance map.

Examples of the spatial covariance map and data pairs map for each step obtained through
this process is shown in Figure 3-3. The number of pairs does not change due to the applied lighting
correction, but decreases when the writing on the core is cropped out. Furthermore, the 2-D spatial
covariance map slowly decreases in correlation at larger lag distances with each modification of
the original image. As the image becomes less noisy, the faint vertical line on the spatial covariance
map disappears. This is from the cropping of the left and right edge of the image, which shows
that there are still faint lighting irregularities on the edge of the core, even after the lighting
correction was applied. The final output of the 2-D spatial covariance map is therefore the most

accurate representation of the rock core as a whole.
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Figure 3-3: Process of obtaining a 2-D covariance map and N-pairs map.

35

*10°
2.5

—

o

*10°

RN

#10°

N

0



3.2.3 Sampling and Parameterization of 1-D Variograms

While the 2-D covariance map provides reliable quantifiable spatial correlation data for the
rock specimen that was processed, there is still a need to identify and calculate useful metrics from
the 2-D image. This is done by sampling 1-D variograms from the 2-D covariance map. The
variogram is chosen because of the number of available empirical models that exist for variograms
as opposed to covariograms. As the data are numerous on the image, ergodicity is assumed and

the variogram becomes Equation 3-2.

UD&d %raaF %Daa (3-2)

In Equation 3-2C(0, is the maximum value of the covariano@pandC(h, is the
value of the covariance map at the lag distdnicethe direction of .

To obtain 1-D variograms from the 2-D covariance map, a sampling algorithm must be
used to ensure that the 2+Dgps are sampled in an unbiased manner. Considering the 2-D
covariance map as a simple Cartesian plane, the first sample is taken along the positive horizontal
axis starting at the center and is transformed using the equation above. The remaining 63 1-D
samples are taken radially at increments of 2.8125° clockwise around the image, with the final 1-
D sample lying along the negative horizontal axis. It is unnecessary to sample around the entire 2-
D covariance map, as the image is symmetrical (only aB9sampled). Once the 64 variograms
are sampled from the 2-D map, they are parameterized according to a nested variogram model.
This nested model is expressed as Equation 3-3

70

UDL ?dsFAEIUD (3-3)

36



The first half of this equation represents the empirical exponential model and the second
half represents a standard linear model with a slope m. In the exponential model, the parameter c
is representative of the behavior of sill (i.e. the maximum covariance value at large lag distances),
while the a (i.e. the practical range) parameter is one-third of the lag distance at which 95% of

similarity is lost (Webster and Oliver, 2007). An example of this model can be found in Figure

3-4.

2D Covariance Map 1D Variogram Sample
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Figure 3-4: Example 1-D variogram showing the location of ¢ an®if@ra Stanstead Granite
specimen.

In Figure 3-4, the blue points represent the variogram values obtained the 2-D covariance
values in the positive horizontal direction via Equation 3-1. The red curve is the parameterization
of the empirical nested exponential-linear variogram model. The horizontal line represents the
variance value aof, which is directly related to the overall mineralogical variability of the sample.

The vertical line represents the value @Bawhich is directly related to the extent of correlation
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in the direction along which the 1-D variogram was sampled (Webster and Oliver, 2007). To the
left of the vertical line and, the exponential variogram model dominates, while to the right, the

linear model dominates.

3.2.4 Compilation of Data for a Single Rock Unit

Throughout the process of creating and parameterizing 1-D variograms from one 2-D
covariance map, numerous pieces of data are recorded regarding the fit, including all of the
parameters from each 1-D variogram and the goodness of fit (as quantified by a least-yuares R
Once this is completed for 64 1-D variograms for a rock core, confidence intervals, mean values,
median values, and standard deviations are computed (both absolute and normalized to the mean

value).

3.3 Removing Sources of Error from Image Analysis

One of the primary concerns when working with images is the sensitivity of data to
variability induced by the process of photograph acquisition. During the covariance analysis
performed for this study, a large number of factors were found to have potentially deleterious
effects on the characterization of geologic variability. As the proposed methodology for
guantification of geologic variability relies heavily on accurate digital representation of the visual

attributes of core, these issues must be addressed.

3.3.1 Lighting Irregularities

As the covariance generation relies on grayscale pixel values, irregularities in lighting can

substantially alter the results. When acquiring an image of a core, the technician taking the
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photograph may not consider the lighting of the image, especially if the irregularities in lighting
are visually insignificant. However, even minor lighting irregularities can show false-positive
correlations in the direction of the irregularity. A simple way to combat this is by homomorphic
filtering. This type of filtering has been used to both remove lighting irregularities and homogenize
multiple images with different lighting conditions, and in its simplest form, involves fitting a line

to a cross-section of average pixel values and adding/subtracting the residuals (Delac, Grgic, and
Kos, 2006; Seow and Asari, 2006). For the purposes of this work, code was generated that finds
the average values of each column of pixel values on the core, fits a line to the data, and then adds

or subtracts the residuals accordingly. The same is done for the rows.

Consider the images Figure 3-5. The top row is the original image of a metabasalt sample
with a distinct mineralized vein and its associated covariance with the data from a single row of
the grayscale grid. Due to lighting irregularities, the left side of the core is darker than the right
side of the core, leading to the vein becoming unrecognizable in the covariance. Once the

homomorphic filtering is applied (bottom row), the effect of the vein is now visible.

It is not immediately clear from the raw image how substantial the lighting irregularity is
on the core. The vein, which is only a few millimeters in width, is not visible due to the dominant
trend associated with the lighting irregularity, which shows that the source of light is coming from
the right side of the image and creating a shadow on the left side of the core. When homomorphic
filtering is applied, the effect of lighting is nearly removed. However, there does exist some latent
lighting irregularities on the edges of the image, which creates a faint increase in correlation in the
vertical direction. This edge effect is removed by subsequently cropping off the image edges.
Typically, 10% off each side is cropped. This was dependent on the specimen, with several

requiring 5% more off the sides to remove the effect of the lighting anomaly.
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Figure 3-5: Effect of homomorphic filtering on a metabasalt sample with a distinct vein.

One of the main assumptions made in this section is that the images from each rock unit
were taken under similar lighting conditions such that the average grayscale intensity of the image
is similar. In the case of all rock units studied here, images of the same rock unit were taken in the
same position with consistent lighting. It should be noted for future application of the proposed
methodology that if the lighting conditions vary significantly from specimen to specimen, this has

the potential to introduce error in the resulting variability metrics.
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3.3.2 Cropping out unusable portions of images

Rock core images of UCS samples typically contain more than only rock. Commonly, the
core image is taken on a table, in a core box, or on the testing apparatus. Additionally, there
commonly exists writing on the core, usually for specimen identification purposes. To accurately
cgpture rock specimen variability, any portion of the image that does not contain images of the
rock core under analysis should not be input into the code. For this reason, code was developed to
allow manual selection portions of the image that are not desirable for analysis, which are then

excluded in the modified code from Kryiakidis (2005a).
Consider the images in

Figure 3-6. Stanstead Granite Brazilian Tensile Strength (BTS) cores were used for
analysis of geologic variability because images of the associated UCS specimens were not
available. Each BTS specimen was taken from the same location as a corresponding UCS
specimen. However, as all the BTS specimens were taken after testing, each of the spadimens h
a large tension crack through the diameter. Additionally, the edges and corners of the image
contained images of the background wall and table. In the original image, there aspikeg®f
correlation in the top and bottom of the 2-D covariance map. This is due to the presence of the
corners, as there is extremely high similarity between large lag distances that connect the corners.
There is also a vertical feature in the covariance map, which represents the tension crack induced
during the BTS test. This can be seen more clearly in the second row of images, where the corners

have been cropped out, but the tension crack is still visible.

The covariance map better represents the rock, with the exception of the tension crack,
which leads to higher correlation along the vertical direction than would be expected given an

isotropic granite. Removing the tension crack leads to a reasonable covariance map given visual
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inspection of the rock. The zone of correlation around the origin is roughly circular, indicating
similar levels of correlation in all directions. There are numerous small patches of higher
correlation at locations away from the origin. These, unlike the large spike at the origin, indicate
marginal correlation at larger lag distances, and are related to pairs that fall on the same grain type,
as expected in a granite (such as pairs that start and stop on a feldspar, a quartz, or bioite grain).
The outside portion of the covariance map, represented by the pale blue color, indicates values

where the covariance map could not be calculated due to lack of data pairs.

In order to avoid irregularities due to insufficient data, the lower limit of data pairs for
which the covariance map is calculated was set at 15,000 pairs which typically represents 3-5% of
the number of pairs at zero lag (the covariance map origin). This number was selected arbitrarily
based on the amount of irregularities near the edge of the image, which contain the lowest number

of data pairs and the most significant amount if irregularity.

3.3.3 Presence of Drill Marks

In some cores, drilling induces superficial horizontal laminations due to the rotational
motion of the cutter bit. These typically create higher horizontal correlation in the covariance map,
as shown in Figure 3-7. The rock, a limestone with calcite veins, has many of these parallel
horizontal drill marks as well as calcite veins that could have an effect on the UCS. When
calculating the covariance map of this image, it can be seen that the horizontal drill marks
dominate, even though they are not part of the rock. Of all of the rock units tested in this analysis,
only three have specimens that are affected by this phenomenon. As these specimens represent a
small sample of typical cores, and as the 1-D samples affect the results, the cores cannot be used

with this approach for quantifying geologic variability.
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Figure 3-6: The effect of cropping on a Stanstead Granite BTS specimen.
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Figure 3-7: The effect of horizontal laminations from drilling on the rock core and associated
covariance map.

3.3.4 Wet vs Dry Imaging

The visual appearance of some rock core is significantly different when it is dampened. In
most cases, rocks that are dry appear to be more homogenous than actuality, and can be a result of
clay or other materials in the matrix between the grains, or due to residue on the core. Consider
the gneiss in Figure 3-8. The top row is a core sample that has been dampened, while the bottom

row is the same specimen that has been allowed to air dry.

As can be seen in Figure 3-8, many of the different minerals, especially the darker minerals,
are much more vivid when the rock core is damp. This is evident in the covariance map of the
image where the damp specimen shows significantly higher correlation due to the increased

contrast of the minerals. In the covariance map of the image of the dry specimen, thaaorrela
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is significantly noisier, which presents a less accurate representation of the rock core. While this
phenomenon typically affects rocks with clay minerals in the matrix, care should be taken to ensure
that the results are not negatively affected by the presence of residue or discoloration. Most

importantly, a consistent approach should be applied for all specimens of the same rock unit.
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Figure 3-8: Dry vs. damp Smaland Granite and associated covariance maps.

3.4 Analysis and Results

From the procedure outlined in Section 3, two primary outputs from 1-D variograms were

modified, which provided meaningful relationships between geologic and geomechanical
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variability. With a high number of geologic units tested, these meaningful relationships show the
robustness of this approach, as well as providing different metrics with which to compare this
variability based on the type of failure and the presence of structural defects. The image and
geomechanical datasets presented in this work were collected by Natural Resources Canada
(CANMET), SP Swedish National Testing and Research Institute, Colorado School of Mines Earth
Materials Institute (EMI), and the University of Vigo Natural Resources and Environmental

Engineering Department.

3.4.1 Analysis ofap and c

The parameterization of the 1-D directional variograms identifies two important variables
WKDW FRQVWUDLQ WKH FXU Yararid@ TWelHparahh¢®iR &3 reéntohdd @ UH JL R
the methods section, is related to the correlation length (in millimeters) up to which the exponential
model of the variogram dominates (Bohling, 2005). Thalue, is related to total variability as
captured in the pixel grayscale intensity values, which can be related to the total heterogeneity of

the specimen.

To establish variability in theparameter, the coefficient of variation of the meaheach
core for a given rock unit was calculated. Recall that after the 64 1-D variograms were
parameterized for a given rock core, the meaR1 WKDW UR FIND VaRdgdrfis/was
obtained. Once this was completed for all of the rock cores for a given rock unit, the mean of all
of the mearct values for that rock unit were obtained and the standard deviation of the individual
specimen means was normalized with respect for the overall mean rock unit mean to obtain the
coefficient of variation. The equation for the coefficient of variationN@pecimens of a given

rock unit can be found Equations 3-5. The meamlue for a rock core specimen is used as a
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metric for the relative mineralogical homogeneity of the specimen compared to other specimens

from the same rock unit. These are given as Equation 3-4 through Equation 3-6.

S5LA?EIAJ /A= %ﬁrﬁ%@ (3-4)
4K?G TIEP /A=3L A 6K auav, (3-5)
%8 NK?G QJEPSLSALakaF 76 (3-6)

In these equations,represents a given 1-D variograjmiepresents a given rock core
specimen fronN total core specimens for a rock unit. As opposed to simply looking at variability
in overall core specimen heterogeneity, dhparameter is ideal for investigating variability that
includes the fabric of the rock, including folding, discrete defects, bedding, variation in grain size
and shape between cores. As opposed to working with the mean value for each specimen, this

parameter is investigated considering variability within each rock core specimen.

Consider the metagranodiorite specimen in Figure 3-9. There is an obvious trend in the
fabric from the bottom left to the top right of the image. This is due to metamorphism, at which
time the igneous protolith was subjected to a large degree of stresses at a high temperature, which
caused a rearrangement of the grains, leading to light foliation within the rock. Many specimens
from this same geologic unit possess similar anisotropy that led to failures along this orientation.
The orientation of the fabric of the rock is identified by the covariance map, with higher correlation

values along the lag vectors that are along the fabric, and much lower correlation at lag distances
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at any other angle, especially perpendicular to the fabric. This means ithaignificantly higher
along the orientation of the fabric, and the standard deviatias &6bm the 64 sub-sampled

variograms is relatively high.
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Figure 3-9: Covariance map of a metagranodiorite sample with noticeable orientation in fabric.

In the proposed workflow, in order to find the coefficient of variation of the specimen-level
coefficients of variation ofp for a rock unit withN specimens, first the coefficient of variation of
theap values for one specimen is calculated (Equation 3-4). The use of normalized values is more
robust than using raw standard deviations, as slight variations in cases with very lowwmean
values would be overstated. Completing this task for each specimen gives a metric of variability

for each rock core (Equation 3-5). The final step is to use these values to evaluate the okerall roc
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unit variability. This is done by taking the standard deviation with respect to the mean of the

individual specimen values (Equation B-6

3.4.2 Results from Analysis

As previously stated, the two parameters from the geologic variability methods were the
variability in the mean heterogeneity (total variability) in each rock coreas well as the
YDULDELOLW\ LQ HDFK URFN FRU Kaf) VThe¢ Selatiénsbi® ofReseUMbO D W L R
parameters to the geomechanical variability in UCS is illustrated in Figure 10 (a and b). The top
image represents the relationship between the variability in the coefficient of variateq §f
vs. variability in UCS () for all rock units investigated, while the bottom image represents the

variability between the heterogeneity of a rockys. the variability in UCS values)(

The fits shown in Figure 10 are weighted based on the square root of the number of
specimens of the UCS values, which is related to the standard weighting for a coefficient of
variation correlation found in literature (Solon et al., 2013; Langford, 2013). The confidence
LQWHUYDOV ZHUH WDNHQ IURP OF.D\YV D ®StheRpefic2iVefRQ RI1 F

variation (Payton, 1996), and are given as Equation 3-7.

?4a9 N ?4a9

WA PSP o Rgks>wiio '
@ CFsA Q Aaa \; @ EETF sA (3-7)

In Equation 3-7X> DUH WKH XSSHU DQG ORZH¥Uquare®disuiBuic@ W L O HV

for n-1 degrees of freedom and a sample coefficient of vari@MiiPayton, 1996). Lastly, the
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curve was weighted orthogonally, as opposed to a simple regression, which only considers error

in the y. The orthogonal regression, instead, takes error in the x-direction into account as well.

Figure 3-10 shows the relationships between two variables quantifying geologic variability

(which are derived fromp andc) and geomechanical variability (as quantified by

3.4.3 Discussion o&p *UCS variability relationship ( +vs. )

The relationship betweerand was identified to be of the form y(x) %,an which

does not appreciably increase until the geologic variability surpasses a certain threshold. In Figure
10a, the data points with the lowest geologic and UCS variability are granitic igneous rocks. This
is unsurprising due to the fact that granitic rocks are formed from a slowly-cooling melt, with
certain minerals precipitating out of solution at higher temperatures and other minerals
precipitating around them until a highly-interlocked granular structure is reached (Bowen, 1922).
This structure generates fairly consistent geomechanical properties due to the consistent
mineralogy, grain size, orientation, and distribution of grains. The differences in geologic
variability between granitic rocks arises from slight variability in the mineralogical makeup of

different specimens. However, this variability in comparison to other rock units remains low.

Figure 3-10a shows an exponential relationship between geologic (correlation length) and
geomechanical variability for all specimens, regardless of the number of specimens dtat fail
along defects or structure for a given rock type. Figure 3-10b, alternatively, shows a linear
relationship between geologic (total heterogeneity) and geomechanical variability for the subset
of rock types for which no specimens failed along discrete geological structures. Further discussion

will be present in the following sections.
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The sedimentary rocks studied generally have both higher geologic and geomechanical
variability when investigating the relationship betweeand . Sedimentary rocks, unlike granitic
rocks, are deposited over time, with variability in water level, climate, tectonic environment, and

location in the basin affecting its geologic properties (Klein and Beukes, 1989; Lubeseder et. al.,

2010; Mackenzie and Pigott, 1981).

Cobourg Lyons Resolution
Limestone  Sandstone Conglomerate

Figure 3-11: Comparison of three sedimentary units.
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Figure 3-11 shows six different sedimentary cores from three different sedimentary rock
units that were used in this study. There is a certain degree of variability in rock units that would
not likely be present in a rock unit formed from nearly-homogeneous grains. The Cobourg
Limestone contains argillaceous whisps from tidal deposition of mud, as well as fossils and
burrowing from Ordovician invertebrates (Day, 2017; Ghazvinian et al., 2013). These diagenetic
features are variable throughout the length of the core due to the influence of invertebrate lifeforms,
amount of mud deposited, and paleoclimate and paleoweather at the time of deposition. The Lyons
Sandstone varies spatially between a quartz arenite and an arkosic sandstone and contains local
variability in grain size, shape, and mineralogy. This can also vary vertically, as facgexha
through time are expected. In these cores, quartz and feldspar grains were deposited in horizontal
laminations, with occasional lithic fragments interbedded in the layers. This introduces variability,
both geologically and geomechanically, as the different properties of the grains influence the
strength of the core. Finally, the Resolution Conglomerate contains obvious variability in grain
size, which is related to the velocity of the depositional environment of the transporting fluid. As
with the Lyons Sandstone, variability in grain properties affect the geomechanical properties of

the overall rock core.

Finally, the rock units that have the highest geologic and geomechanical variability are the
highly-metamorphosed rocks. These rocks have been exposed to intense heat and/or a high degree
of stress. Such exposures can induce recrystallization of minerals if partial melting is reached,
realignment of grains, and occasionally folding if paleostresses are sufficiently high. Examples are

shown in Figure 3-12.

Higher variability ofap indicates that several of the rock cores from a rock unit had a high

degree of variability in the correlation length. This may be due in part to the presehserete
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veins or other defects in the core, or due to variation in the fabric of the rock. In case of the
sedimentary rocks, such as the Lyons Sandstone in Figure 3-11, each of the rock cores possesse
a high degree of variability in@ue to the presence of the horizontal laminations. This leads to a
higherap value in the horizontal direction. However, as each of the cores exhibit similar horizontal

laminations, its effect is nullified.

Gneiss Metagranite Marble

Figure 3-12 Comparison of three metamorphic units.
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3.4.4Discussion ofc tUCS variability relationship ( vs. )

The relationship betweerand includes all of the rock cores tested for each unit,
including those that fail along structural defects, such as discrete veins or foliation. This is because
those rock units which have a highetypically contain these features, as the presence of discrete
features leads to large variationsapvithin specimens (and between specimens when only some
specimens contain such features). However, while there is a growing trend
WR LOQFRUSRUDWH GDWD IURP URFN FRUHV ZLWK GHIHFWYV ZK
aims to provide insights relevant to UCS testing programs that treat test results impacted by such

defects as invalid.

The parameter reports the overall variability of the total heterogeneity of the rock core,

which is related to mineralogy and grain structures. When plotted agathstvariability of the

parameter increases linearly for cases that do not contain specimens that possess structural
defects. Those specimens that do contain structural defects lie to the left and above the regression
line, indicating that for a given level of total mineralogical variability (as characternzeq tock
units that contain structural defects tend to show highealues. This is consistent with the
meaning of the , as cores with structural defects would not appear to have a particularly high
degree of total mineralogical heterogeneity. Consider the two metamorphic rocks in Figure 3-13
One of the rock units is a metabasalt, which contains a large amount of structural defects infilled

with quartz. The other is a metagranite that has undergone regional metamorphism.

The metabasalt unit contains both specimens that fail along structure, such as the lower
specimen pictured (UCS = 64 MPa), and specimens that do not fail along structure, such as the
upper specimen pictured (UCS = 399 MPa), but does not appear to show a large degree of

variability mineralogically. The only significant difference between the two images is thegaesen
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of a discrete quartz-filled fracture, which increases the geomechanical variability. However, this
has little effect on the parameter with the exception of the influence of some higher-valued pixels
which represent the presence of quartz existing within the rock core. Conversely, the metagranite
pictured on the right shows a notably higher modal percentage of quartz in the top core, despite
originating from the same rock unit. As quartz-rich specimens are likely to be stronger than
specimens that contain more biotite, pyroxene, and hornblende, the variability in the modal

percentages minerals are likely to influence the geomechanical variability of the unit.

Metabasalt Metagranite

Figure 3-13: Comparison of a rock that commonly fails along structure versus one that has no
structural failures.
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3.5 Relationship to the number of specimens required

Once geologic variability has been quantified through image analysis &ad been
estimated through one of the correlations shown in Figure 3-11, it is possible to statistically
FKDUDFWHUL]H RQHYV OHYHO R aFRoQIdLbe bb@iRét ftod t¥gtiei aP HD Q
given number of specimens. Conversely, with the same information, the number of specimens
required to estimate the mean UCS within a given level of accuracy at a stated level of confidence

can be estimated.

The number of specimens needed to estimate the population mean of a parameter of interest
within a certain range at a specific level of confidence has been well-established (Red&hd

as Equation 3-8.

(3-8)

In Equation 3-8,z. is the z-score associated with a confidence level oftat the
population mean has been estimated within a margin of Erfexpressed as a percentage of the
population mean) given a coefficient of variationThe z-score is given as 1.96 in all of the
remaining calculations as the level of confidence in the standard deviation is selected at a certain
FRQILGHQFH LPSO\LQJ WKDW WKH VWDQGDUG GHYLDWLRQ |
values is knowra priori or the confidence level is based on the quantity and quality of known

information.

Once geologic variability for a given rock unit has been captured through image analysis,
the can be estimated from Figure 3-1¥ KH JHRORJLF YDULDELOLW)\ SDUDPHW

RU ERWK GHSHQGLQJ RQ ZKHWKHU RU QRW VSHFLPHQV Z
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analysis. Furthermore, while the mean regression relationship can be used in either case, the uppe
limit of the 67% or 95% prediction intervals can be used, resulting in 83% or 97.5% confidence

that has not been underestimated.

Based on the equation introduced above, 2-D contour maps were developed that show the
number of specimens required to achieve a target specimen mean within an error margin E for a
given . Contour maps corresponding to 95% and 99% confidence levels is shown in Figure 3-14
(page 59). Note that if the number of specimens falls between values, the number should be
rounded up to the next integer. Per ISRM guidelines (Ulusay, 2014), no fewer than four specimens
should be tested under any circumstances. Table 3-1 shows five rock units with diffexierts
at 95% confidence and multiple acceptable error percentages from the meak. UG8 rocks

presented are the same rocks that were shown in Figure 3-1 in the beginning of Chapter 3.

Table 3-1: Minimum number of specimens required* to know the true mean of UCS

within 10%, 20%, and 30% of the true value at 95% confidence

Rock Unit E=10% E=20% E =30%
Granite 0.10 4 1 1
Limestone 0.20 16 4 2
Metagranite | 0.30 35 9 4
Granodiorite | 0.35 48 12 6
Gneiss 0.50 97 25 11

* The authors recommend testing no fewer than four specimens in any instance

As can be seen in Table 3-1, with increase in the acceptable deviance from the mean, the
number of specimens required to test decreases substantially, especially for rocks with higher

coefficients of variation of UCS.
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Figure 3-14: (a) 2-D contour map of the number of specimens required to obtain a mean UCS
value within a certain percentageof the true mean at 95% confidence; (b) the same figure at

99% confidence.
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3.6 Conclusions

Unlike engineered materials, rock possesses a high degree of inherent variability. This
results from variability in mineralogy, diagenetic effects, metamorphism, and other geologic
processes. This presents a challenge when attempting to understand the number of specimens
required to adequately characterize the geomechanical variability of a rock unit. This work
presents an empirical methodology using spatial and directional covariance maps and variograms
from rock core images in order to assess the geologic and geomechanical variability within a rock
unit. The information obtained from the proposed process can be used to relate the estimated
geomechanical variability to the number of specimens required to adequately capture the mean

UCS of a given rock unique.

The established method, while imperfect due to a large amount of subjective user input
with regard to the geologic variability, is validated by the fact that two metrics of geologic
variability correlate well with geomechcanical variability. The developed approach can be applied
in geotechnical engineering to understand the number of specimens needed to be sent to the lab
for testing. This ensures that not too few are being sent, which would require additional cores to
be send subsequent to testing, and prevents a large amount of over-testing for a relatively
homogeneous geologic unit. This additionally allows for a certain level of confidence to be set that

is based on the purpose of the testing and the confidence level required for the project.

This method could be used to develop a tool for geologists selecting core specimens for
testing. For example, the worker could take photos of the core, the geological variability could be
calculated and correlated to geomechanical variability, and a necessary number of core specimens

for testing could be output based on user preferences (e.g. error tolerance).
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CHAPTER 4
QUANTIFYING SPATIAL UNCERTAINTY IN ROCK THROUGH GEOSTATISTICAL

,17(*5$7,21 2) %25(+2/( '$7$ $1' $ *(2/2*,67 BEREMNG 6

This article was accepted by Engineering Geology, 260, D. Lane*Bawthriel Walton, and
Whitney Trainor-Guittofy, Assessment of rock unit variability trough use of spatial variograms,
pages unknowhn Copyright Elsevier (2019).

Abstract

In order to increase understanding of spatial uncertainty in subsurface conditions for
problems in geological and geotechnical engineering, this study develops a geostatistical approach
IRULQFRUSRUDWLQJ D JH-Rettidrdtb yuahfity spafaMiHddr&alnty &¥lithGlogyU R V V
In this work, the Sequential Indicator Cosimulation (COSISM) algorithm and the information
theory concept of entropy are utilized to generate uncertainty models. A sensitivity daalysis
to study how both borehole data and the cross-section are incorporated into the algorithm, which
is quantified using entropy as a metric for uncertainty in geologic unit boundary locations. A
verification methodology is then developed to identify the most appropriate combination of input
parameters for combining these two data types; recommendations from the verification
methodology are made by comparing the calculated entropy to accuracy at the global scale on a
point-by-point basis. This methodology is then used to investigate how calibrated input parameters

vary due to differences in the input cross-section based on different levels of understanding of the
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subsurface geology by iteratively providing a geologist with additional borehole data after a cross-
section is developed. Results show that two of the parameters, variogram range and the number of
conditioning data, can be used to most directly reflect geologist understanding in the simulations.
J)LQDOO\ WKLV VWXG\ SURYLGHYV JXLGHOLQHV IRU LQFRUSRUL
environment into this modeling framework, as results show cross-sections that are locally accurate

are better represented by different parameters than cross-sections that are not taratly bot

are globally accurate. These guidelines are intended to aid geologists and engineers in
understanding how to incorporate a g@® JLVWIV LQWHUSUHWDWLRQ RI WKH
categorical geotechnical parameters at a particular worksite into a structured geostatistical

framework.

4.1 Introduction

In geotechnical engineering projects in the subsurface, geologists and engineers use
JHRORJLVWWVAWLWRRMWV KHUHDIWHWHBWILHRWQUHIG ZLRVR W R PHB RO/WY H
as a guide to better understand the geological and geotechnical conditions at a particular site. At
the preliminary investigation stage, a cross-section is used to make decisions about future site
investigation for a particular project and for preliminary decision making regarding a project
(Fookes et al., 2000; Martino et al., 2004). These are also used to make geotechnical cross-sections
to support engineering decision-making (de Vallejo and Ferrer, 2011). As these cross-sections are
important for prediction of factors that contribute to the success of a project, a lack of
understanding with respect to spatial uncertainty in these cross-sections can lead to cost overruns,

setbacks, and other negative project outcomes.
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Spatial uncertainty in geology and geotechnical engineering has become an increasingly
popular topic of study in recent years (e.g. Langford, 2013; Bond, 2015; Wang and Cao, 2013;
Wang et al., 2015; Wang et al., 2016), as spatial uncertainty in subsurface geology is driven not
only by lack of information, but by aleatory (random) variability caused by the natural processes
that created the geology (Bedi, 2013). Many researchers have attempted to chagectiegzeal,
geotechnical, and structural model uncertainties in a Bayesian framework, updating parameters in
various algorithms using observed performance data (e.g. Zhang et al., 2009; Wellmann et al.,
2017), or have utilized random fields to populate grids of data properties including lithology or
geotechnical characteristics (e.g. Tacher et al., 2006; Li et al., 2016; Wang et al., 2017t Wang e
al., 2019). Many of these studies incorporate different software packages and algorithms, and vary
input parameters to perform a sensitivity analysis of spatial parameters (e.g. Cho, 2007; Lan et al.,
2004; Wellmann et al., 2014; Randle et al., 2018; Zhou et al., 2003). Other researchers have
attempted to quantify human error in quantifying spatial uncertainty due to variability; Lark et a
(2014) compared the cross-sections of 28 geologists presented with the same information, and

found that there are notable differences in the cross-sections produced by each geologist.

This study focused on the development of a geostatistical approach to combine borehole
data and a cross-section for the purposes of quantifying spatial uncertainty using an entropy map.
In particular, the approach used the variogram-based algorithm Sequential Indicator Cosimulation
(COSISIM) to generate 100 equally probable realizations of the subsurface geology. The resulting
entropy map produced is not a deterministic estimation of subsurface geology, but is a
guantification of spatial uncertainty in subsurface geologic boundaries. Unlike algorithms like
kriging that provide one deterministic solution for a set of input parameters, simulation algorithms

like COSISIM provide poor local estimations, but are a good measure of global (larger-scale)
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spatial variability (Marioni, 2003). Thus, while a single realization from a simulation algorithm is
a poor estimation of the geologic boundaries in the subsurface, the aggregate of numerous
realizations with the same input parameters provides a good estimation of spatial uncertainty due
to geologic variability. This provides a powerful tool for estimating uncertainty in geologic
boundary or lithology location, with targeted applicability to geotechnical engineering and

underground construction/excavation problems.

The first part of Section 4.2 provides background information on the well-established
COSISIM algorithm and the use of cokriging and cosimulation algorithms as a whole. The second
part of Section 4.2 describes parameter and modeling decisions made for generating COSISIM
realizations with the unique input combination used in this study in the context of a simple test
case. Section 4.3 presents results from a comprehensive sensitivity analysis using the simple test
case presented in Section 4.2. Section 4.4 then presents a more complex geology to illustrate the
accuracy of the spatial uncertainty quantification approach used. In this case, we Werativel
supplied a geologist with additional boreholes from the same geology, with each iteration
LQFUHDVLQJ WKH JH R O RhELg€aMgyVantdQsadHtbie\cis3-§eGtiniz deReloped at
each iteration as inputs for separate simulations. This approach illustrates which combinations of
simulation inputs are most appropriate to utilize given the different levels of geological

understanding used to develop the cross-sections.

4.2 Project Methodology

This work uses COSISIM with borehole data and a cross-section as inputs to create entropy
maps for quantification of spatial uncertainty due to natural aleatory variability. This study

considers borehole data to be primary data, and a cross-section to be secondary data. As in
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traditional cokriging and cosimulation algorithms, borehole data are precise, measured, and sparse,
whereas cros HFWLRQ pGDWDY DUH LQKHUH GMeOA flowcBddtlefiheV H  E X W
proposed methodology is provided as Figure 4-1. After introducing the history and basis of
simulation algorithms and specifically outlining the COSISM algorithm, Sections 4.2.3 and 4.2.4
introduce how the cross-section for parameter sensitivity was developed and how the entropy
metric used to quantify uncertainty is calculated. The remainder of Section 4.2 discusses various
modeling decisions, including the selection of variogram parameters, the decimation of the
secondary data for appropriate incorporation into the COSISM algorithm, and the establishment

of a sufficient number of realizations for each iteration of COSISIM. With these modeling
decisions established in Section 4.2, the sensitivity analysis of selected parameters is introduced

in Section 4.3 prior to the verification presented in Section 4.4.

4.2.1 Cosimulation and Cokriging Algorithms

COSISIM is a simulation algorithm that incorporates a user-defined variogram as well as
primary and secondary data in order to populate a grid with specific values of categorical data.
While COSISIM simulates categorical variables (e.g. lithology), other cosimulation and cokriging
algorithms simulate continuous properties (e.g. porosity, permeability). Cosimulation and
cokriging algorithms are used extensively in subsurface estimation problems when two types of
data are available in a modeling region, and their joint distribution and relationship is known or
assumed (Zhu and Journel, 1993). The primary data are typically measured data and are sparse
The secondary data, which have a lower resolution but are spatially extensive, provide information
regarding the spatial continuity of the area. In most reservoir characterization applications, the

primary data are sampled well data, whereas the secondary data are seismic or other geophysical
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data, though other indirectly measured data types can be used (Horta and Soares, 2010; Le
Ravalec-Dupin and De Viega, 2011; Azevedo et al., 2015; Nunez et al. 2017). A general
established guideline for choosing secondary data is that the secondary data should be chosen as

MWKH GDWD ZLWK WKH PRVW FRQWLQXRXV VSDWLDO SDWWHU
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Figure 4-1 Flowchart of the development of the proposed methodology.
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Primary and secondary data are assumed to have some level of correlation, but perfect

correlation is rarely assumed. The original development of the cokriging and cosimulation
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approaches required one or more cross-variograms between the primary and secondary data in
addition to the variograms for each the primary and secondary data, which were challenging and
time-consuming to generate (Zhu and Journel, 1993). To simplify this, the Markov-Bayes
algorithm was developed, which removed the need for tedious cross-variograms by relating the
variogram of the secondary data directly to the variogram of the primary data (Zhu and Journel,
1993; Goovaerts and Journel, 1995). As inputs, this approach requires only the variogram of the
primary data and a single value between 0 and 1, referred to as the Markov-Bagextgra This
parameter describes the relationship and correlation of the primary and secondary data, with values
near O indicating low correlation, and values close to 1 indicating high correlation (Zhu and

Journel, 1993).

4.2.2 Sequential Indicator Cosimulation Algorithms

In order to produce a single realization, COSISIM populates a grid of categorical variables
by defining a random path around the grid, traveling to each location on the grid using that path,
and simulating categorical values using nearby primary and secondary data, as well as previously-
simulated variables. The initial step in COSISIM involves using the user-defined variogram to
calculate covariance values and the cross-variogram. Finding the covariance involves a simple
transformation of the user-defined variogram model. With the variogram modgldefined at

each lag distande, the covariance model is found using Equation 4-1.

‘DL %r;F U:D; (4-1)
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In Equation 4-1C(h) is the covariance at a lag distamceC(0)is the variance of the data
(also known as the sill of the variogram), andKis the variogram defined at a lag distahcés
full indicator cokriging is used, one variogram for each categorical variable must be calculated
(Hill, 1998). From this point onward throughout the algorithm, covariance values are used as

opposed to the variogram.

While the cross-variogram, which describes how the primary and secondary data vary in
space with respect to each other, can be calculated directly, a simplification of cross-variogram
calculation is adopted by utilizing the Markov-Bayes parameter and the primary covariance. Using
the Markov-Bayes model, the cross-variogram is a scaled version of the primary covariance. The
Markov-Bayes parameter captures the correlation between the primary and secondary data. This
is mathematically described by Equation 4-2.

Yo 14,

%eD L —

%s: D L/ U % D; (4-2)

In Equation 4-2,Ci2(h) is the datae-data cross-covariance between the primary and
secondary data at a distance of h met@rg0) is the maximum cross-covariance between the
primary and secondary datay1(h) is the covariance of the primary data at a distémeadM is
the Markov-Bayes parameter. The Markov-Bayes parameter is a user-defined value in the range
[0,1], and is a metric for correlation between the primary and secondary data (Zhu and Journel,
1993; Deutsch et al., 1996; Capilla et al., 1999; Boyd et al., 2018). In the proposed methodology,
as will be demonstrated, this parameter and other geostatistical parameters are determined through

a calibration process.

68



At a particular location on the grid being simulated, the COSISIM algorithm attempts to
VLPXODWH WKH ORFDWLRQTV kD WHJIdRMD\ BddaO WHID b IsBeicO H Y D |
neighborhood around the location defined, a maximum number of nearby categorical variable
values, called conditioning data, are used to interpolate the categorical variable value at the
location being simulated. The nearby conditioning data are not weighted equally; the weights for

each of the conditioning data are solved using Equation 4-3.
aL %2 (4-3)

In Equation 4-4C is the datde-data covariance matrix (the covariances between each of
the conditioning data) is the datge-unknown covariance array (the covariances between each
of the conditioning data and the location being simulated), amthe array of weights of each of
the conditioning data. Equation 4-3 prevents clustered data from being over-weighted, and weights
data points that are closer to the location being simulated higher (isotropic variogram) or weights
points along the orientation of anisotropy higher (anisotropic variogram). This allows for unbiased
weighting that honors the data configuration and the extent of correlation and diminishing

correlation with lag distance (Oliver and Webster, 2014).

Stochastic simulation algorithms, such as COSISIM, rely on a Monte Carlo draw from a
conditional cumulative distribution function (ccdf) to assign a value at a location. The ccdf is
defined by a mean (the solution to the kriging equation) and by a variance (the kriging variance).
At a particular location for a particular categorical variable, the indicator kriging equation and

kriging variance are defined by Equation 4-4 and Equation 4-5, respectively.

P QL LEASGGsResd Q% Qi F L7 (4-4)
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In Equation 4-4|*k,SK(u) is the probability of a given categorical variable k occurring at
a locationu, pxis the marginal probability of categorical variaBl®ccurring (equivalent to the
JOREDO PHDQ LQ WUDGLWLRQDO VLPSOH NULJLQJ K.ROUH WK

WKH FDWHJRULFDO YDULDEOHV LQ WKLV VWXG\ p6DQGVWRAQ

Further, m (u)) is the kriging weight of categorical variable m for conditioning datum at
ORFDWELRPLXY. WKH YDOXH RI WKH FDWHJRULFDO YDULDEOH P |
probability of categorical variable m occurring at any location on the grid. In Equatiotsd4)
is the kriging variance at a locationC(0) is the variance of the data (also known as sill of the
variogram), anda ( 2is the dot product of the vector of kriging weightsand the vector of

datato-unknown cross-covariances. (Carle and Fogg, 1995).

Equation 4-4 and Equation 4-5 are used to create the conditional ccdf with a given mean
(Equation 4-4) and variance (Equation 4-5) at a particular location in space, and a Monte Carlo
draw from the generated ccdf deterministically applies a categorical variable to the particular
location. This process is completed for each of the remaining grid locations that have not been

simulated; new realizations are created using a different path around the grid (Soares, 2001).

4.2.3 Creation of Cross-Sections for COSISIM

The basic geologic environment used to develop and test the proposed methodology is a
hypothetical series of alternating layers of dipping sedimentary rock on a 180 by 250 unit grid. For

WKLYV SDUWLFXODU ZRUN WKHVH OD\HUV UHSUHVHQW WKH
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created based on a straight-line approximation from three boreholes within the simulation grid.

4.2.4 Calculations of Entropy Metrics

One iteration of COSISIM with a given set of input parameters output a set of 100 equally-
probable realizations of the subsurface geology. As mentioned previously, each of these
realizations is not locally accurate, but the set of realizations as a whole provides a good measure
of spatial variability and uncertainty (Marioni, 2003). While many applications of simulation or
cosimulation algorithms use the realizations directly to estimate fluid transport or to identify spatial
patterns (e.g. Lee et al., 2007; Soltani et al., 2014), this work uses the set of realizatioesate ge
point-scale entropy, which can then be used to quantify the spatial distribution of uncertainty.
Entropy is a well-defined concept in information theory that relates to the consistency of a given
event occurring in a stochastic framework, and ranges from O (perfect consistency and high
predictability) to 1 (perfect inconsistency and low predictability) (Shannon, 1948). A versatile
concept, it has been previously applied in geotechnical engineering (e.g. Wang et aZh2013;
and Wang, 2019), and in this case, is the measure of how many realizations simulated different
lithologies at a certain point. Poiatale entropy maps were created by calculating the entropy at

each location using Equation 4-6.

L FA§@2 G Z'%2: T (4-6)

Using Equation 4-6, the entropi/at a given location giveN possible outcomes is taken
as the probability?(x) of outcoma occurring at that location multiplied by thebased log of the

probability P(x) of outcomei occurring at that location (Shannon, 1948). In this work, the
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probability of occurrence for each of the three lithologies (categorical variables) at fogatesn
X, is the number of occurrencel)(of that the lithology &) divided by the total nhumber of

realizations NR= 100).
.. 5 XCEQ - 5.
201 oL ASeR & (47

With three lithologies, the maximum value of entropy at any point would be when the

probabilities of each lithology occurring are approximately equal, returning Equation 4-8.

koL FriuZ %@ uF rauZ %s@uF ravZz %sav s (4-8)

Minimum entropy occurs when the probability of a single lithology occurring is 100%,

returning Equation 4-9.

* L FZ'% Lr (4-9)

With three lithologies, the entropy values at a given point with different combinations of

probabilities of Rock 1, Rock 2, and Rock 3 existing can be found in Table 4-1.

While the value of entropy can theoretically approach 1, it is unlikely that the entropy
values in this case will be significantly higher than 0.63, as near an interpreted geologic boundary
of two lithologies, the COSISIM algorithm is unlikely to simulate a third lithology in a large

number of realizations with the input parameters provided.

72



Table 4-1: Calculated entropy values with given probabilities of lithology occurring.

Sum of Probability = 1

Rock 1 | Rock 2 | Rock 3 | Entropy
0.33 0.33 0.34 0.99
0.50 0.50 0 0.63
0.66 0.34 0 0.58
0.75 0.25 0 0.51
0.90 0.10 0 0.30
0.95 0.05 0 0.18

| .r ' [CSandstone 1 I
ELimestone 0.63
2] [72]
= W Shale >0.58 =
> o) 3
o [ Borehole £ =)
o c 0.51 @
I 0.30I , l
0 i

250 units ——

+—— 250 units ———

(a) (b)
Figure 4-2: (a) A cross-section with borehole locations. (b) An entropy map created using this
data and given input parameters.

An example entropy map using the boreholes and the cross-section in Figure 4-2a can be
found in Figure 4-2b. The white vertical lines are the borehole locations, and the zones of higher
entropy correspond to geologic boundary locations in the cross-section. As anticipated, areas near

the presumed boundaries are associated with more uncertainty than locations the geologist believes
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are closer to the center of a lithological unit. The given set of input parameters affect the width of
the zones of maximum entropy, as well as the value of the maximum entropy. For the sensitivity
analysis performed, 1-D entropy samples are extracted perpendicularly across the zones of higher
entropy. This allowed the 2-D entropy maps to be qualitatively compared while also providing an
opportunity to quantitatively identify how altering the input parameters affected presumed

boundary locations in 1-D. An example of this is shown in Figure 4-3.
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Figure 4-3: (a) 2-D entropy map with 1-D Sample marked. (b) 1-D sample from the 2-D map in
().

Figure 4-3b is a 1-D cross-sectional representation of the profile line that is marked in
Figure 4-3a. The entropy value along the 1-D sample reaches a maximum of 0.62, and this value
is close to the theoretical maximum anticipated at an interpreted boundary of two geologic units
Table 4-1: Calculated entropy values with given probabilities of lithology occurring.). Two
additional recorded values arep¥and W s, which are the widths of the zone which correspond
to entropy values of 0.3 and 0.5, which correspond to approximately 9% & 75%(\Wos)

probabilities of the majority lithology existing. These were chosen as output metrics for the
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sensitivity analysis, as together they can reasonably describe the size of the zone ofmmaxim

entropy without being sensitive to the noise outside of this zone. Both the 2-D entropy maps and
the entropy data points on the 1-D sample were colored blue, green, yellow, red, and black based
on the thresholds defined in Table 4-2. These values correspond to entropy intervals defined in

Table 4-1: Calculated entropy values with given probabilities of lithology occurring.

Table 4-2: Color code for 1-D samples.

Probability of Most Likely Lithology Occurring (assumin, Entropy | Color
only two major possible lithologies at a given location] Range
No majority 0.63-0.99 Black
> 0.50 0.58-0.63 Red
> 0.66 0.51 - 0.58 Yellow
>0.75 0.30 - 0.51] Green
>0.90 0.00 - 0.30 Blue

4.2.5 Modeling Decision in COSISIM

The COSISM algorithm requires a number of input parameters that can be varied. Many
of these are standard inputs that are left unchanged, whereas a few are poorly constrained and can
significantly affect the uncertainty predictions produced. The following section discusses several
of the modeling decisions made in order to simplify the analysis and to identify variables that are

varied for the sensitivity analysis in Section 4.3.
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Variogram Parameters

The foundation of COSISIM and any variogram-based geostatistical algorithm, a
variogram is a function that describes spatial correlation of variables throughout the simulation
grid. Typically represented as variogram value versus lag distance, an empirical variogram model
is fit to the experimental (measured) variogram values from input data. These variogram models
are defined by a nugget effect, a range, and a sill. The nugget effect is a noéasuati-scale
heterogeneity and error; the range is the lag distance beyond which any pair ofigpamtts
anticipated to be correlated, while the sill is the variogram value past the range (Oliver and

Webster, 2014).

As shown previously in Section 4.2, the variogram is a critical input for simulation
algorithms, as the covariances defined by the variogram (Equation 4-1) define the weaghts of
of the nearby conditioning data (Equation 4-3) as well as the mean (Equation 4-4) and variance
(Equation 4-5) of the ccdf at a particular location; the weights of the conditioning data found in

Equation 4-3 are additionally used to identify the mean of the ccdf at a particular location.

Typically, experimental variograms are calculated in multiple orientations to identify
potential anisotropy in the data and to determine the most appropriate parameters for the variogram
model. In this study, experimental variograms were calculated by using the borehole data to fit the
sill for each lithology. By utilizing the Markov Model Il and full indicator kriging, one variogram
model represented each lithology (Zhu and Journel, 1993; Hill, 1998). Figure 4-4a shows a simple
cross-section and the location the boreholes used to create the variograms, while Figure 4-4b shows
the variogram data at angles (clockwise from vertical) of 0° and 30°, which is approximately the
dip of the beds inferred from the borehole data. Accordingly, the sill is reached at about four times

the lag distance using an angle of 30° than at an angle of 0°.
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Experimental variograms were computed at intervals of 30° at borehole locations within
the simulation grid. This returned the directional variability in the variogram sill and range for
each lithology. The nugget effect was set to zero for all variogram models, as no microscale
heterogeneity or sampling error is assumed (Oliver and Webster, 2014). Since there was only slight
variability (less than 10% deviation from the mean) in the sill values calculated for each lithology
(as it is an approximation of the overall variance of the data), an isotropic approximation of the sill

was used in this study.

As can be seen in the variograms in Figure 4-4b, there is noticeable uncertainty in fitting a
variogram model to the borehole data due to the sparseness of data. The vertical experimental
variogram appears to have a much lower range than the 30° variogram, and that is intuitive given

the dipping nature of the rock units.

However, the 30° variogram does not show values until a distance of 120 grid units due to
borehole spacing, adding uncertainty to any empirical variogram fit. This problem is simple to
overcome, as others have previously studied variogram fitting to sparse borehole data like these
with promising results (Wang and Zhao, 2017; Wang and Zhao, 2018). However, as the cross-
variogram of the primary and secondary data is related to the variogram of the primary data, for
this particular study, it was deemed more appropriate to treat the range of the variogram as a
variable parameter to account for uncertainty in the secondary data (cross-section) than as an

attribute to be calculated from the primary data.

While the uncertainty of fitting a variogram model to experimental variogram values is
discussed using the cross-section in Figure 4-4, there also existed a concern with overfitting

anisotropy to the end result; this is illustrated by a simpler cross-section in Figure 4-5. This cross-
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section contains two lithologies with one boundary. While the boundary between the two

lithologies gently dips, there are variations in the dip of the boundary.
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Figure 4-4: (a) Locations on the croSsSHFWLRQ WKDW SRVVHVV WKH YDOXH pu!
boreholes used to create the variogram presented as black lines. (b) Computation of the
H[SHULPHQWDO YDULRJUDP LQ WZR GLUHFWLRQV IRU p5R

As can be seen in Figure 4-5 (page 80), the use of an isotropic variogram allows for an
entropy band that is less sensitive to the local dip of the boundary in the cross-section. The use of
anisotropic variograms creates a narrower entropy band when the dip of the interpreted boundary

inthe crossVHFWLRQ VLPLODU WR WKH DQJOH RI WKH YDHLRJUDP
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when the dip of the boundary is in a different orientation than the orientation of the variogram.

Near the left borehole in Figure 45 WKHUH LV D QRWLFHDEOH HQWURS\ ul
variogram when the cross-section shows a horizontal boundary. This flare is misleading, as it
disagrees with the cross-section and is near a source of primary data. Additionally, neét the rig
borehole, the anisotropic variogram produces a narrow entropy band along a 45° angle. This is an
issue, as this work intends to capture uncertainty in variable geologic boundaries with all
orientations; effectively, an isotropic variogram should be used because the uncertainty in a cross-

section tends to be approximately isotropic in many cases.

Due to the concerns presented, the range of the isotropic variogram model was varied to
investigate how this value affected the results, and the variogram was set as isotropic. The impacts

of the isotropic variogram parameters on the model results are presented in Section 4.3.

Decimation

In any cokriging and cosimulation algorithm, an understanding of the interaction of
primary and secondary data is crucial to appropriately integrating secondary data and synthesizing
the result. As previously discussed, primary data are typically directly measured, sparse
information, and secondary data are typically indirectly measured and spatially extensive and are
intended to show spatial continuity of the primary variable being simulated (Horta and Soares,

2010; Le Ravalec-Dupin and De Viega, 2011; Azevedo et al., 2015; Nunez et al. 2017).

As the secondary data are spatially extensive relative to the borehole data, a potential
challenge is over-conditioning the secondary data to the simulation grid. This is especially true
when using categorical variables (lithologies) as both the primary and secondary data, which is the

case in this study.
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Figure 4-5: (a) A simple cross-section with two lithologies separated by an undulating boundary.
Comparison of entropy maps created using (b) an isotropic and (c) an anisotropic variogram.

The simulation grids in this case are 180 by 250 units; if the entire dataset of secondary

data were used, the secondary data would be 45,000 data points compared to the 540 data points

of the primary data. This is not only computationally expensive, it highly over-conditions the

secondary data to the simulation grid.

Other authors have used an approach called collocated cokriging to limit secondary data to

only locations where primary data exist, limiting the amount of secondary data used to avoid

computationally-expensive models and over-conditioning (Xu et al., 2002; He et al., 2014).

However, as the primary data in this study are vertically continuous borehole data, collocated
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cokriging would not be ideal, as this approach would leave large sections of the simulation grid
empty. In an approach deviating from the collocated cokriging model, a study of glacially-
deposited aquifers in Denmark faced a similar challenge when incorporating secondary data, and
overcame this challenge by decimation of the secondary data used (geophysical efsajeo

that these data were not over-conditioning the result (Koch et al., 2014). While the authors
conceded that the degree of decimation adopted in this approach was arbitrary, this approach
ensured that all of the relevant geological features were captured. Additionally, the authors
validated their model by running a simulation with the entire secondary dataset, confirming that
the decimation approach did not ignore relevant geologic features that would lead to inaccurate
results following decimation. In this study, decimation was used to limit the amount of secondary
data and allow for more freedom in COSISIM realization generation, but care was taken to ensure
that the decimated data were appropriately representing the geologic structure information and the

spatial correlation from the cross-section.

As can be seen in Figure 4-6, increasing the decimation has a significant effect on the
resulting entropy maps. When using an un-decimated cross-section, the simulation realizations all
reproduce extremely similar results to the cross-section; this results in an entropy map which
shows minimal uncertainty with respect to boundary locations, contrary to the expectation that the
result should be somewhat uncertain. This is due to the fact that weighting of a nearby point is
much higher (non-linearly) than that of a point farther away. If large sections of the @gcoaih
are removed, the weights for points not directly adjacent to the point being simulated become

relatively larger.

Different levels of decimation were tested in this study, and the final decision was to

decimate the cross-section onto a 5 x 5 unit grid; this value ensured that the secondary data did not

81



over-condition the results and prevent the generation of entropy maps showing non-negligible
uncertainty. Additionally, this level of decimation decreased the run time to create realizations for
a single parameter combination from 20 hours using the entire secondary dataset to 3.5 hours,

decreasing the run time by over 80%.
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Figure 4-6: Results obtained based on varying the degree of deciméiipEntropy map with
cross-section data decimated every 5 units (b) Corresponding perpendicular 1-D sample across a
zone of high entropy. (c) Entropy map with the cross-section not decimated. (d) Corresponding
perpendicular 1-D sample across a zone of high entropy.

To ensure that decimating the secondary data does not affect the spatial relationship of the
results, the authors created variograms of output realizations for several decimation values. Three
such variograms can be found in Figure 4-7. Figure 4-7 shows that decimating the secondary data

decreases the sill of the output variogram, but has little, if any, effect on the range. As the range
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guantifies the size and shape of the geometries of the resulting output, an unchanging range
between each value of decimation shows that the spatial correlation of lithologies in the output
realizations are not affected by decimating the secondary data. The sill value, while related to the
maximum variance in the output model in a particular direction, does not affect the geometrical
configuration of the interpreted features in the cross-section. With this in mind, the selection of a
single, consistent 5 x 5 grid for decimation eliminates any meaningful influence of the decimation

on the results.
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Figure 4-7: Variogram of output realization using (a) no decimation, (b) decimation value of 5
units, and (c) decimation value of 10 units.

Marginal Probabilities

The marginal probabilities are the respective probabilities of each lithology occurring
globally across the entire simulation grid. While these values can be determined from borehole
data or the cross-section, if the geologist has uncertainty in their cross-section and the modal
percentages of each lithology, they can vary these values to test the influence of potentially
incorrect modal percentages of each lithology. In all cases presented in this study, the three

marginal probabilities were all set to 1/3.
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Number of Realization

The number of realizations for a given set of input parameters was initially set to 100. This
number was selected as it was considered to be a sufficient number of realizations to
asymptotically approach a stable solution for maximum entropy and width of entropy zeges W
and Wss. This was tested by stochastically selecting between 2 to 100 realizations and evaluating
the maximum entropy and d¥values for those realizations. For this analysis, the input parameters
were a variogram range of 25 and maximum conditioning data of 12. This combination of
parameters has the highest uncertainty out of all combinations as it uses a smaller number of

conditioning data and has the smallest search ellipsoid.

The results from this process are found in Figure 4-8. A lower number of realizations
resulted in a high variation of maximum entropy andsWalues; increasing the number of
realizations beyond 80 leads to very little change in maximum entropy, while increasing the

number of realizations beyond 50 leads to very little changepin W
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Figure 4-8: Results of (a) maximum entropy and (B)y@btained by stochastically selecting a
given number of realizations.
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4.3 Input Parameter Sensitivity Analysis

With the exception of the variogram range, the parameters listed in the previous section
were left unchanged during the sensitivity analysis and verification methodology. However, the
variogram range, the number of conditioning data used, and the Markov-Bayes parameter appeared

to have a large effect on the results.

As there is considerable uncertainty in the most appropriate values to use for this novel
application, their effects were investigated using a sensitivity analysis described in this section. A
base case, with a variogram range of 50, a conditioning data value of 24, and a Markov-Bayes
parameter of 0.10 was selected as a control, and the subsequent analysis varied each of these

variables independently to identify their effects on the 2-D entropy maps and the 1-D samples.

4.3.1 Variogram Range

As previously specified, the variogram sill was left unchanged, and the modeling decision
was made to generate isotropic variograms. The range of the isotropic variogram was varied to
show the effect on the 2-D entropy map and the 1-D sample. Figure 4-9 shows how doubling the

range affects both of these results.

Increasing the variogram range results in a wider zone of high entropy. The reason for this
phenomenon is that increasing the variogram range puts higher weighting on data points farther
away from the location being simulated. Variograms with larger ranges (everything else held
constant) result in higher covariance values at larger distances. Thus, the covariance values of data

points farther away are higher relative to results using variograms with smaller ranges.
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Figure 4-9: Results obtained based on varying the variogram eg@y&ntropy map with a
variogram range of 50m. (b) Corresponding perpendicular 1-D sample across a zone of high
entropy. (c) Entropy map with a variogram range of 100m. (d) Corresponding perpendiular 1-
sample across a zone of high entropy.

As the variogram range is increased, the simulation will effectively consider more data
points from different lithologies. Incorporating data points from different lithologies incorporates
these data into the mean of the ccdf (Equation 4-4) as well as the variance of the ccdf (Equation 4-
5), leading to a greater likelihood of a Monte Carlo draw from this ccdf to identify a different
lithology at a farther away location than if the nearby data points all came from thktkalogy.

This was found to hathe strongest influences on the results, as was expected.
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4.3.2 Conditioning Data

The conditioning data are the nearby data points that are included in the kriging equations
for estimating the categorical variable value at an unknown location on the grid. The maximum
number of conditioning data was modified similarly to range. Consider the images in Figure 4-10
while doubling the number of conditioning data did not have a significant effect on the result, it
resulted in a slightly narrower zone of high entropy and a slightly smaller value of maximum
entropy. This phenomenon is explained by better conditioning of nearby data; with more nearby

data included in producing the ccdf, the simulated point is more likely to follow the global trend.

4.3.3 Markov-Bayes Parameter

Typical application of COSISM using primary and secondary data relies on different types
of data for primary and secondary data, and the Markov-Bayes parameter defines the interpreted
correlation between the spatial continuity of the data types and is defined as a posarweaboa
on the range of 0 to 1 (Zhu and Journel, 1993; Capilla et al., 1999). In this study, the ddta types
both the primary and secondary data are the lithologies, where the primary data are borehole data

IURP WKH pWUXHY JHRORJ\ DQG W&tibnVHFRQGDU\ GDWD DUH W

While the cross-section is the expert interpretation from the geologist, these data are more
subjective than the borehole data, and perfect spatial correlation between the simulated lithologies
and cross-section data is not assumed. With a non-zero correlation between borehole data and
cross-section data, the Markov-Bayes parameter is given as an input variable for the COSISIM

algorithm.
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Figure 4-10: Results obtained based on varying the number of conditioning(dtantropy
map with a maximum of 24 conditioning data. (b) Corresponding perpendicular 1-D sample
across a zone of high entropy. (c) Entropy map with a maximum of 48 conditioning data. (d)
Corresponding perpendicular 1-D sample across a zone of high entropy.

Due to subjectivity of the secondary data and the fact that these data are much more
spatially numerous than the borehole data, the decision was made to not consider a Markov-Bayes
parameter higher than 0.25 for the full sensitivity analysis or the verification methodology, as a
value higher than this would incorrectly assume that confidence in the spatial configuration of the
spatially-extensive secondary data is high relative to the borehole data. However, in order to show

the potential impact of the maximum possible input value, an example with a Markov-Bayes value

of 1 is presented in Figure 4-11.
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Figure 4-11: Results obtained based on varying the Markov-Bayes Parat{@t&ntropy map
with a Markov-Bayes value of 0.10. (b) Corresponding perpendicular 1-D sample across a zone
of high entropy. (c) Entropy map with a Markov-Bayes value of 1.00. (d) Corresponding
perpendicular 1-D sample across a zone of high entropy.

Consider the images in Figure 4-11. Increasing the Markov-Bayes parameter increases the
cross-covariance between the borehole and cross-section data. This increases the cokriging
variance for the ccdf, which results in decreased overall entropy away from the borehole
measurements in the simulation grid. This decreases the potential for deviation from the cross-
section using the Monte Carlo draw from the ccdf. Effectively, higher Markov-Bayes parameters

increases replication of the cross-section and correspondingly decreases the degree of uncertainty

modeled.
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4.3.4 Results of Sensitivity Analysis

Based on the sensitivity analysis of parameters outlined earlier in Section 3, the authors
tested various combinations of variogram range values, conditioning data, and Markov-Bayes
parameters. To visualize the results, the W0.3 and WO0.5 values at 20 boundary locations on each
entropy map for a given input parameter set were averaged to give a sense of how a combination
of input parameters affected the entropy maps as a whole. The results of this analysis are shown
in Figure 4-12. Figure 4-12 shows that, in general, as variogram range increases and the number
of conditioning data decreasesy Y&nd W salso increase. This is reasonable given that increasing
the variogram range increases the weights of points farther away that may be from different
lithologies, which is incorporated into the mean (Equation 4-4) and increases the variance

(Equation 4-5) of the ccdf at a particular location.

Decreasing the number of conditioning data can selectively increase the weights of a fewer
number of points that are from a different lithology, which increases the variance of the ccdf and
focuses the mean a different nearby lithology. Additionally, increasing the Markov-Bayes
parameter decreaseso¥and W, this is expected, as increasing the Markov-Bayes parameter
decreases the cokriging variance (Equation 4-5) in the ccdf, resulting in lower entropy. However,
this trend is not always the case, and some combinations of variogram range and conditioning data
show no coherent trend in the results as a function of the Markov-Bayes parameter. This lack of a
solid trend is due to the method by which the Markov-Bayes parameter is applied; this value
defines the spatial correlation of the secondary data relative to the spatial correlation of the primary
data. As the secondary data are much more numerous than the primary data (i.e. every 5 units in
both directions as opposed to a continuous vertical borehole every 75 units horizontally), the

spatial correlation of the secondary data is less important, as it is easier to interpolate with how
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numerous these data are. This shows that while Markov-Bayes parameter does have an effect on
the results, the impact of the variogram range and the number of conditioning data has a much

larger and more consistent effect on the uncertainty predictions produced.
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Figure 4-12: Average WO0.3 values with a given combination of input parameters. (b) Average
WO0.5 values with a given combination of input parameters.

4.4 Application of the Proposed Method and Demonstration of the Value-Added for

Quantification of Geological Uncertainty

The modeling approach proposed in Section 4.2 represents a valuable tool for the
simulation of geological uncertainty in the context of an interpreted cross-section. For such an
approach to be practically valuable, however, it must be verified; in other words, based on some
measure of geological understanding in the cross-section (such as data density used in its creation),

it must be possible to select a combination of variogram range, conditioning data, and Markov-
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Bayes parameter values that will result in a series of entropy maps that faithfully reflect &he actu

spatial distribution of uncertainty as compared to reality.

While the previous sections show the process of developing this methodology, in this
section, the authors use the developed methodology in a hypothetical complex geologic
environment to demonstrate that it is possible obtain proper representations of model uncertainty.
Furthermore, the authors show the parameters required to obtain such representations vary in a
consistent manner as a function of geologist understanding of the geology (and initial data density
as the key control on that understanding). Additionally, we demonstrate that the predictions of
spatial distributions of uncertainty using our approach are more accurate than those obtained using

a conventional geostatistical approach that does not incorporate geologist expert knowledge.

A complex 2-D geologic environment was generated for the verification methodology to
incorporate geologist understanding of the geology into this approach. Figure 4-13a shows the
HWUXHY JHRORJ\ JHQHUDWHG IRU WKLV FDVH ZLWK WKH OR
iteratively given to a geologist. Figure 4-13b shows the cross-section created by the geologist using
the various numbers of boreholes. The true geology shown in Figure 4-13a has the same lithology
names as in the sensitivity analysis, but this cross-section has units with variable thicknesses,

folding, and a fault.

As can be seen in the results of the cross-sections in Figure 4-13, the outcomes slowly
begin to look more similar to the true geology, which was expected as more information being
provided to the geologist. This was intended to simulate a more geologically reasonable

interpretation as more information was provided.
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! Boreholes 5-6
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(b)
Cross-section Created with Cross-section Created with Cross-section Created with
Boreholes 1-4 Boreholes 1-6 Boreholes 1-7

Figure4-13 D &RPSOH[ pWUXHYT JHRORJ\ ZLWK WKH LQFUHDVLQ
given to a geologist to produce cross-sections with higher geological understanding; (b) cross-
sections made by a geologist based on the varying numbers of boreholes.

In order to generate cross-sections that were developed using different levels of
understanding of the geology, the geologist (a colleague at Colorado School of Mines) was
iteratively provided with additional borehole information and asked to create cross-sections at each
step, using the borehole (primary) data to create the cross-section (secondary) data with increasing
amounts of information. While geophysical investigations are becoming more commonly used to
develop geological cross-sections (e.g. Tacher et al., 2006; Bond et al., 2015), geologic cross-
sections off of solely borehole data is a common state of practice in subsurface industries (Lark et
al., 2014; Randle et al., 2019). This methodology aimed to reflect this common state of practice,
which in this project, inherently uses the borehole data twice in the COSISIM simulation, both in

the creation of the cross-sections and as the primary data in the algorithm itself.
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Initially, the geologist was asked to generate a cross-section based on the knowledge that
there are three lithologies with some level of structural complexity. The geologist was given the
lithology information associated with Boreholes 1-4 as shown in FigiB2 i-the next iteration,
the geologist was given Boreholes 5 and 6 in addition to Boreholes 1-4 and identified that there is
a fault present in the area of interest. On the last iteration, the geologist was given a borehole that
transected the fault; Borehole 7 allowed the geologist to better constrain the location and

orientation of the fault. Results from this analysis are found in Figure 4-14.

In Section 4.3, the authors established a reasonable range of input parameters that leads to
Wo.3 and W5 values that are appropriate given the thicknesses of the lithologies and the size of
the simulation grid used. Within this parametric space, the authors investigated which
combinations of parameters provided uncertainty predictions that were most correct at the point
scale. This was assessed by comparing two quantities for each point on the simulation grid: (1) the
frequency of occurrence of the most commonly simulated lithological unit at a given point (equal
to X/100 realizations, wittX being the number of realizations that the most likely lithology was
present); (2) the frequency with which predictions at a given level of confidence as indicated by
(1) correctly identified the lithology from the true geology. A perfect prediction of uncertainty
would correspond to a 1:1 relationship between these quantities (e.g. a point simulated with a

certain level of confidence should correspond to the true geology at a rate equivalent to that value).

7KH pWUXHY JHRORJ\ XVHG IRU WKLYV FDVH VWXG\ LV FRP €
sections in Figure 4-14; note that these modal sections are nearly identical to the cross-sections
used as inputs. Also shown in Figure 4-14 are the entropy maps corresponding to the best
parameters sets for each of the cases (in terms of the representation of uncertainty), and plots

showing the quality of the different uncertainty calibrations. The most appropriate parameter
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Figure 4-14: Deterministic solutions from the most accurate parameter input combinations, along

with a resulting entropy map and accuracy plot, using a cross-section with (a) four boreholes, (b)
six boreholes, and (c) seven boreholes.
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combination for each cross-section was selected based ohwvatuR comparing the simulation
UHVXOWY WR WKH WKHRUHWLFDO pPEHVW FROQWHALD.LTQeH RI1 D
calibrated input parameter combinations used were found to produce appropriate representations

of uncertainty, with these?Ralues being above 0.8 in all three cases.

Comparing the simulated models in Figure 4-14, as the input cross-section improves based
on an increased data density (number of boreholes), the zones of high simulated entropy decrease
in size, indicating lower uncertainty in the result. As the number of boreholes increased (and the
geologistfV XQGHUVWDQGLQJ RI WKH JHRORJ\ LQFUHDVHG W K
parameters was a lower variogram range and a larger number of conditioning data. This is
reasonable, as cross-sections created with more boreholes and an increased understanding of the
geology should generally be more locally accurate. Using a small range and large number of
conditioning data better conditioned the cross-section to the simulation grid, reproducing the cross-

section with less uncertainty.

Conversely, the cross-section that was created using only four boreholes was more
appropriately represented by a large variogram range and a smaller number of conditioning data.
Using a larger variogram range and fewer conditioning data served the dual purpose of not over-
conditioning the cross-section to the simulation grid and returning a large amount of uncertainty.

In this case, the cross-section made with only four boreholes is not highly locally accurate but

still reasonably globally accurate; perhaps more importantly, the uncertainty predictions are
consistent with the actual local results. Such a data-sparse environment is unlikely to occur in
practice in engineering geology, but was used to show how this approach can be used when
geologist confidence is very low and their croésd FWLRQ LV UHODWLYHO\ pLQFRUU

combination of parameters would also be appropriate if more data exist for the geologist to make
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a cross-section, but the geologist has lower confidence due to the complexity of the gealogy or

lack of understanding of the region. The input and result for the four borehole case is considered

D uSRRUY LQWHUSUHWDWLRQ RI WKH VXEVXUIDFH JHRORJ\ E
and high uncertainty bands reflect lack of confidence in local accuracy. In cases where reasonable
global accuracy cannot be guaranteed by the geologist, the proposed method is likely not

appropriate for uncertainty quantification.

For the cross-sections produced using both six and seven boreholes, the most accurate
parameter combination used a low variogram range and a large number of conditioning data. It is
envisioned that as experience using this method is further developed, it will eventually become
possible to select appropriate input parameter combinations for uncertainty modeling based on
geologist understanding and/or data density a priori (e.g. for practical purposes, in tike absen

knowledge of the true geology in a given area).

In addition to studying the influence of data density and resulting cross-section quality on
appropriate input parameters and associated model uncertainty, the performance of the proposed
method was compared to that of a more conventional geostatistical approach. The COSISM
algorithm was used without secondary (cross-section) data; this approach was performed with only

the borehole data from the first six boreholes given to the geologist.

The deterministic solution produced by the conventional geostatistical approach is largely
globally accurate and correctly identifies all of the lithologies present in the six boreholes.
Additionally, out of the 45,000 locations on the simulation grid, the conventional geostatistical
DSSURDFK FRUUHFWO\ LGHQWLILHYV ORFDWLRQV ZKHI
interpretation (crossection) as secondary data only identifies 588 more correct locations,

representing only a slightly more than 1% increase in global accuracy using the cross-section.
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However, the solution produced using the cross-section is more locally accurate and @rovides

more accurate representation of the uncertainty present in the modal simulation solution.

The solution produced by the conventional geostatistical approach rigidly follows the
variogram orientation input into the algorithm, and deviations from that orientation which are
captured in the cross-section are not appropriately identified when only the borehole data are used.
7TKH FRQYHQWLRQDO JHRVWDWLVWLFDO DSSURDFK WHQGV WI
whereas the 2-D solution with an isotropic variogram captures deviation as specified by the

geologist in their cross-section.

The entropy map created by the conventional geostatistical approach shows much higher
spatial uncertainty due to a lack of data. This is especially true in the center of the simulation grid,
which is not near any data. In these locations, the algorithm must use the overall trend supplied in
the anisotropic variogram along with the borehole data, whereas the algorithm using a cross-
section as secondary data can use this information along with the spatial correlation supplied by
the variogram and the borehole data in order to generate results. In addition to being visible
gualitatively from the 2-D entropy map, it is quantitatively shown by the uncertainty calibration
scatterplot, which shows that the result is systematically under-confident in areas of moderate

uncertainty.

The results of this analysis show that the incorporation of secondary data in the form of a
cross-section provides significant value-added relative to a more conventional approach with
respect to prediction of uncertainty associated with geological models. While the conventional
geostatistical approach produces a result that is reasonably globally accurate, incorporating a

JHRORJLVWTV L Qiwwehsti@ibint\th®rdsulRabenot@\bcally accurate
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Figure 4-15: Deterministic solutions from the most accurate parameter input combinations, along

with a resulting entropy map and accuracy plot, dsin D VL[ ERUHKROHY DQG D JH
interpretation and (b) simulation with no secondary data.
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This approach reproduces a result that is geologically more accurate, as a geologist supplies the
secondary information by using the boreholes to make a geologically reasonable interpretation.
This shows that while the borehole data are used twice, these data are significantly sparser than
the cross-section, and the cross-section is the primary driver of the geometry of the interpreted
geologic features. As shown in Figure 4-14 and Figure 4-15, the geologic cross-section is a strong
constraint of the subsurface geology relative to the boreholes; this is especially true when

considering 6 boreholes alone or with HRORJLVW IV EiQWeHA-UISUHWDWLRQ

4.5 Conclusions

8QFHUWDLQW\ GXH WR JHRORJLF YDULDELOLW\ LQ JHROR
(cross-sections) is challenging to both characterize and quantify. Additionally, the role of
LQFRUSRUDWLQJ D JHRORJLVWYYVY LQWHUSUHWDWLRQ DQG Ol
uncertainty quantification is poorly understood. To address these issues, a geostatistical approach
was developed to combine borehole data and a cross-section for the purposes of quantifying spatial
uncertainty due to aleatory variability in subsurface conditions, including the investigation of how
to appropriately incorporate these two types of information into a cosimulation algorithm. A
sensitivity analysis aided in understanding the physical meaning of the input parameters and

uncertainty maps generated. Key findings from this study include the following:

X The relationship was identified between the appropriate variogram range and
conditioningdataHTXLUHG WR DSSURSULDWHO\ UHSUHVHQW
of the subsurface geology in the simulation. In particular, when the hard data

supplied are more numerous and the geologist has a greater understanding of the
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geology, the input range should be smaller and a larger number of conditioning data
should be used.

The combination of variogram range and the number of conditioning data showed
PDWKHPDWLFDOO\ WKDW D JHRORJLVWYV LQWHUSUH
data is still reasonably aceuDWH JOREDOO\ ZKHUHDV D JHROR
created with large amounts of data is both globally accurate and locally accurate.

A novel approach to combine primary and secondary data of the same variable in
cosimulation algorithms was developed by way of decimation, which removes

large sections of secondary data while still honoring its data configuration.

This approach shows that there is a large degree of value added by using a
JHR O R JL Vsétfion dfdddRwWith conventional borehole data for the simulation

RI OLWKRORJ\ ,QFRUSRUDWLQJ D JHRORJLVWTIV LQW
to be more accurate, but also aids in showing where geologic uncertainty exists.

This will allow stakeholders in engineering geology projects to make more
informed decisions regarding the characterization and management of uncertainty

in project and contract document development.

The results obtained using this approach can be used by engineers, geologists, and
designers to better understand uncertainty associated with a project. Additional

work to constrain input parameters could be performed in collaboration with design

firms and contractors using data from a variety of projects.
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CHAPTER 5
GEOSTATISTICAL ESTIMATION OF GROUND CLASS UNCERTAINTY PRIOR TO AND

DURING EXCAVATION FOR THE CALDECOTT TUNNEL FOURTH BORE PROJECT

5.1 Introduction

Tunneling projects in rock are characterized by a high degree of spatial uncertainty, which
presents a unique challenge compared to engineering projects at the surface. Much of this
uncertainty stems from spatial uncertainty in the subsurface geology, as the geologic and
geotechnical conditions along the tunnel alignment are rarely known prior to excavation (Haas and
Einstein, 2002). Geologists and engineers typically must rely on sparse borehole data taken during
the site investigation phase in order to estimate anticipated tunneling conditions expected during
the project. Using this information as well as a knowledge of the regional geology and case
histories from nearby projects (if applicable), geologists and engineers develop geological and
geotechnical cross-sections of anticipated tunneling conditions that are used for high-level
planning and decision making (Fookes et al., 2000; de Vallejo and Ferrer, 2011). As these
geological and geotechnical cross-sections are based off sparse data, there is inherdntly a hig
degree of uncertainty in their creation. This leads to risk of encountering unanticipated tunneling
conditions, which can lead to extreme cost and timeline overruns and a poor understanding of the
excavation support required, which can be hazardous to workers and equipment (Haas and

Einstein, 2002; Bernardos and Kaliampakos, 2004).

Spatial uncertainty in geology is due in part to the natural, random variability within the
rock (Bedi, 2013). This variability is present within rock due to the complex nature of its deposition

or emplacement and subsequent tectonics. Spatial uncertainty and variability in geology and
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geotechnical engineering has become an increasingly popular topic of researchngfgrdl.a
2013; Wang and Cao, 2013; Bond, 2015; Wang et al., 2015) and is relevant to a wide variety of
applications including energy resource extraction (e.g. Wellmann et al., 2014) and environmental
engineering (e.g. Baalousha, 2010). Within the field of underground construction and tunneling,
spatial uncertainty and variability has been quantified and characterized using varioggdm-bas
geostatistics (e.g. Jeon et al., 2009; Stavropoulou et al., 2010), transition probability-based
geostatistics (e.g. Felletti and Beretta, 2009), and decision aids for tunneling, also known as DAT

(e.g. Einstein at al., 1999; Haas and Einstein, 2002; Min et al., 2003; Min and Einstein, 2016).

In the context of two geologic units within the completed Caldecott Fourth Bore tunnel in
northern California, USA, this work used a variogram-based geostatistical algorithm (indicator
kriging) with information collected from boreholes to estimate the tunneling conditions anticipated
along the alignment, along with their associated uncertainty (Solow, 1986). Rock Quality
Designation (RQD) was continuously sampled along the boreholes, and a notable correlation was
observed between this value and the Ground Class categories used in practice to categorize
anticipated tunneling conditions; however, no guidance was available in the literature how to
guantify this relationship, or use this information to predict tunneling conditions prior to
excavation. Using histograms of RQD separated by Ground Class, we test two methods from
which to apply this relationship in geostatistical calculations. A second phase of this work used
the actual Ground Classes encountered during excavation along with the original borehole data to
iteratively update the estimated uncertainty ahead of the latest round of excavation throughout
excavation of these two geologic units. This provides a valuable tool for updating uncertainty
estimates while excavating, increasing understanding of the likelihood of encountering

unanticipated tunneling conditions, and reducing uncertainty and risk underground.
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Indicator Kriging

The variogram-based geostatistical algorithm indicator kriging was used in this project, as
Ground Class is a categorical variable. Kriging is one of the oldest geostatistical interpolators, and
is a form of linear regression that takes into account the spatial configuration and dependence of
data (Olea, 1991). Originally used to estimate mineral concentrations between known boreholes
(Krige, 1951), kriging has been expanded upon for application to many different types of data.
Indicator kriging was designed to handle categorical as opposed to continuous variables, and is
commonly used when continuous data possess one or more critical data thresholds, such as a
maximum allowable value of contaminant concentration in groundwater (e.g. Liu et al., 2004) or

minimum value of permeability in an aquifer (e.g. Ritzi et al., 1994).

When performing indicator kriging for any region, the first step is to generate an indicator
variogram for the known data within the region. A variogram is a model of spatial correlation of
the data and is calculated in multiple directions to capture any anisotropy within the data (Cressie,
1985). Variograms are defined by a range, which is the distance beyond which there is no
correlation in the data in a given direction, and a sill, which is the value of the variogram past the
range and is a maximum value for the variogram. If median indicator kriging is used, only one
indicator variogram is required, as it is assumed the spatial correlation of each categorical variable
is roughly the same; commonly, however, full indicator kriging is used, which mandates a single

indicator variogram be defined for each categorical variable (Hill, 1998).

With one or more indicator variograms defined, the covariance model is generated from
the variograms. This defines the weights of each of the data in the region, and takes into account

both anisotropy and data clustering; the covariance model is defined in Equation 5-1.
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%D L %r;F U:D; (5-1)

In Equation 5-1C(h) is the covariance at a lag distamgeC(0)is the variance of the data
(also known as the sill of the variogram), ands the variogram defined at a lag distahgglill,
1998). From this point on in the algorithm, covariance values are used as opposed to variogram
values. An example variogram and the corresponding covariance model are shown in Figure 5-1

An example of a variogram and associated covariance.
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Figure 5-1: An example of a variogram and associated covariance.
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At all locations in a region, the indicator kriging algorithm interpolates categorical
variables based on the input critical data thresholds using nearby data, or if no critical data
thresholds have been defined (as was the case in this work), the probability of each categorical
variable occurring in space. With a search neighborhood defined, a maximum number of allowable
data within the search neighborhood, called conditioning data, are used to estimate the values at a
location. These conditioning data do not have equal weighting, but rather the weights are computed

using Equation 5-2.
aL % (5-2)

In Equation 5-2C is the datae-data covariance matrix (the covariance values between
each of the conditioning data),s the datae-unknown covariance array (the covariance values
between each of the conditioning data and the location being estimated)jsatite array of
weights for each of the conditioning data. This equation prevents clustered data (that are assumed
to be similar data) from being overly weighted, as the ttatlata covariance between clustered
data will be very high, causing their weights to be lower. This also allows for data along the
direction of maximum anisotropy to be weighted higher, as data along this orientation will have

higher datao-unknown covariance values (Oliver and Webster, 2014).

With the weights of the nearby conditioning data defined, the indicator kriging algorithm
generates probabilities of each categorical variable being present at all locations wighom.a re

This is done using Equation 5-3.

$:Q; LUEAS s R g5t Q%% Qi F 1y ? (5-3)
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At a locationu, Equation 5-3 calculates the probability of a given categorical varkable
being present based dhnearby conditioning data with weights Additionally, p« is the user-
defined marginal probability of categorical variak)evhich is the anticipated modal outcome of

each categorical variable; combined, these marginal probabilities sum to 1 (Carle and Fogg, 1995).

A relative measure of uncertainty in an indicator kriging estimate is given as the kriging

variance, which is defined by Equation 5-4.

8%:QL f>QF f:Q72 %r;F a0 (5-4)

In Equation 5-4C(0) is the variance of the data (also known as sill of the variogram),
and & U, ds the dot product of the vector of kriging weightsand the vector of data-unknown
cross-covariances (Carle and Fogg, 1995). This value is only reasonable for comparing different
areas of the same region, as this value is homoscedastic, meaning it is independent of the data
values for the conditioning data to obtain the indicator kriging estimate (Olea, 1991; Yamamoto,

2000).

5.2 Methods

The goal of this project was to apply indicator kriging in a tunneling project using borehole
data collected prior to excavation to predict the distribution of Ground Classes along the alignment
and associated uncertainty, then integrate data collected during excavation to identify the reduction
in uncertainty ahead of the latest point of excavation. Transformation of the data from measured
borehole data (RQD) to Ground Class was performed based on histograms developed during site

investigation, and two methods for representing this relationship in the indicator kriging algorithm
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were evaluated by comparing the resulting outputs to the actual Ground Classes encountered

during excavation via face maps.

5.2.1 Case Study and Data

This study was performed in the context of the Caldecott Tunnel Fourth Bore project near
San Francisco, California. A diagram of the tunnel, the boreholes drilled during the site
investigation, and the two geologic units considered in this study can be found in Figure 5-2; the
two units used for this study were selected based on their relatively large size, the avaifability
site investigation borehole data across the entire lateral extent of each of these units, and the
presence of three out of the four Ground Classes that showed notable trends in the histograms of

RQD by Ground Class.

The 1 km long tunnel was bored through three sedimentary formations that are divided into
seven geologic units. These geologic units are subvertical to vertical due to several transverse
faults located within and around the project site, including the large and active Hayward Fault

located west of the West Portal (State of California Department of Transportation, 2009).

The Second Sandstone geologic unit is bounded by two faults, while the Orinda Formation
is bounded on the west by another fault. This tunnel was constructed using conventional methods
(i.e. without a tunnel boring machine) with open-face excavation using a road header and minimal
blasting (State of California Department of Transportation, 2009). Work crews began excavating
eastbound from the West Portal and westbound from the East Portal and met in the geologic unit

that lies between the Second Sandstone and the Orinda Formation.
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Figure 5-2: Diagram of the Caldecott Tunnel Fourth Bore site, with boreholes, alignment, and
the geologic units used in this study (both Second Sandstone [left] and Orinda Formatipn [right
in blue) (after Geomatrix, 2008).

Due to the heterogeneous and complex geology, and because this project was a high-profile
project in a highly populated metropolitan area, the specifications required the contractor to
produce face maps regularly during excavation (0.5-1.5 m) to record the tunneling conditions
encountered along the alignment. Additionally, the contractor was instructed to perform probe
drilling into the face if conditions ahead of the face were highly uncertain (State of California

Department of Transportation, 2009).

Prior to excavation, engineers assigned anticipated Ground Classes along the alignment
based on laboratory and field tests from boreholes including Rock Quality Designation (RQD),
and their strengths were evaluated in terms of Hoek-Brown 2002 Criterion (Hoek et al., 2002;
Jacobs Associates, 2008). These Ground Classes are not specific to a geologic unit, but are a global
representation of the expected tunneling conditions along the alignment. These assignments are
inherently uncertain due to data sparsity and natural variability within the rockmass. Divided into

four categories, these were intended to supply engineers and other stakeholders with data to
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estimate the timeline and cost of excavation, as well as the support required. Ground Class 1
exhibits blocky to massive structure, with fair to good discontinuity surfaces. Ground Classes 2
and 3 exhibit disintegrated to very blocky structure, but Ground Class 2 exhibits poor to fair
discontinuity surfaces while Ground Class 3 exhibits very poor to poor discontinuity surfaces.
Ground Class 4 exhibits disintegrated structure with very poor to poor discontinuity surfaces
-DFREV $VVRFLDWHYV 7KLY PDNHV *URXQG &0ODVV WKH
class from an excavation stability and ground support standpoint. Only Ground Classes 1-3 were

present in the two geologic units considered for this study.

During the site investigation, engineers constructed histograms of RQD from the boreholes
for each Ground Class based on the estimated Ground Classes along the boreholes. RQD was
chosen for Ground Class prediction in this study because it was continuous in the borehole to the
meter scale, the differences in Ground Classes are primarily the differences in joint frequency (i.e.
disintegrated vs. blocky vs. massive), and RQD is commonly used in practice to estimate the
relative size of blocks (Palmstrom, 2005). Data for these histograms were provided by Geomatrix
(2008). Histograms of RQD by Ground Class for the Second Sandstone and Orinda Formation

geologic units are shown in Figure 5-3.

As seen in Figure 5-3, located on the next page, there is notable relationship between RQD
and Ground Class for these geologic units; higher RQD values generally correspond to a greater
likelihood of Ground Class 1 being present, whereas lower RQD values generally correspond to a
greater likelihood of Ground Classes 2 and 3 being present. Again, these histograms were chosen

as they show the most reasonable trends of all of the geologic units present in the project.
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5.2.2 Histogram Representation Methods

Two methods of representing information from the boreholes in the indicator kriging
algorithm were tested and assessed using face maps collected during excavation of the tunnel that

show the true Ground Classes encountered.

Second Sandstone Orinda Formation
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Figure 5-3: Histogram of RQD to Ground Class for the Second Sandstone and Orinda Formation
geologic units (after Jacobs Associates, 2008).

After choosing the Second Sandstone and Orinda Formation geologic unit, the first phase
of this work used RQD values from boreholes to estimate the Ground Classes and associated
uncertainty prior to excavation using indicator kriging and two RQD histogram representation
methods (Hard Data and Soft Data) used to assign Ground Classes within the boreholes. Though

Hard Data and Soft Data are defined terms in geostatistics to indicate whether the data were
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measured or a proxy for the variable of interest (e.g. Lyon et al., 2006), in this work, these terms
are used in a different way to indicate whether Ground Classes are assigned directly to a borehole
(Hard Data) or the probabilities of each Ground Class occurring are assigned to the borehole (Soft
Data). These two histogram representation methods are described in detail in the following
sections. Once Ground Class information was assigned to the borehole data, indicator kriging was
used to estimate the spatial distribution of Ground Classes throughout the remainder of the two

geological units using these data.

Within the indicator kriging algorithm, the marginal probability of each Ground Class
occurring was defined as the proportions of anticipated Ground Classes present in the alignment
for a geologic unit that was estimated by engineers in the Geotechnical Baseline Report for the
project (Jacobs Associates, 2008). Full indicator kriging was used, which necessitates a variogram
for each Ground Class. The bedding and structures that primarily control Ground Class are
subvertical, and there is a high degree of anisotropy suggesting that the variogram range is highest
in this direction. However, the borehole data given do not allow for complete characterization of
this anisotropy, even in the case of the Orinda Formation, where two boreholes have slightly
different orientations. For this reason, the variogram range in the subvertical direction was varied
to test its effect on the results. The variogram range perpendicular to this direction (subhorizontal)
was determined from the borehole data. Note that although the boreholes used in this study are not
perfectly aligned with the subhorizontal axis perpendicular to the geologic structure in the area,
their orientations are similar enough that the variogram parameters calculated from the boreholes

represent reasonable approximations of those in the subhorizontal direction.

For a given set of input Ground Class data in the boreholes, indicator kriging generates

three probability maps corresponding to the probability of each of the three Ground Class
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occurring in space. The probability values for a given location in space add to 1. Both histogram
representation methods were evaluated using the face mapping data, which are the actual Ground
Classes encountered during excavation. In each case, a map of the modal outcome at each point

was created along with a modal outcome certainty map (Figure 5-4) (Boyd et al., 2019).

The modal outcome map was created by identifying the Ground Class at each location that
has the highest probability of occurring, and the modal outcome certainty map was created by
identifying the probability at each location that corresponds to the identified modal outcome. These
maps also show the location of face maps and the actual Ground Classes encountered during
excavation (modal outcome marigure 5-4a) and whether the predicted Ground Classes at these

locations were correct or not (certainty mapigure 5-4b.

Prior to Excavation+3+DUG 'DWD’

We refer to the first histogram representation method as the Hard Data approach. As can
be seen in Figure 5-3, for each bin of RQD within a given geologic unit, a probability between 0
and 1 exists of each for the three Ground Classes occurring at the location along the borehole. In
the Hard Data approach, the Ground Class that corresponds to a given RQD value is obtained from
a Monte Carlo draw, and the Ground Class from the Monte Carlo draw is assigned to that point.
For example, foN realizations, a location with an RQD of 24 would simulate Ground Class 2
~0.32N times and a location with an RQD of 25 would simulate Ground Class 2N-@rBés
(refer to Figure 5-B This differs from the Soft Dlaapproach as it treats each realization as ground
truth, and not as a probability of a given Ground Class occurring in space. Thus, in order to capture

variability in the histogram, it must be recompleted several times.
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Figure 5-4: (a) Modal outcome and actual Ground Class encountered during excavation; (a)
Example point-scale certainty map of modal outcome along with correctness from the face maps.

In order to reflect the uncertainty and variability represented by the histogram relationships
between RQD and Ground Class, 100 realizations of Ground Classes for each geologic unit in this
study were performed. This was deemed sufficient, as a query of any single point along the
borehole over 100 realizations returned Ground Class proportions within 5% of the target

probability values from the data input, and the input covariance model was retained in every
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realization; in the geostatistics literature, these conditions indicate a sufficiently large number of
realizations have been used (Leuangthong at al., 2004). An example of the simulated locations of
Ground Class 1 in three borehole realizations for the Second Sandstone and the corresponding

RQD values recorded in the borehole are shown in Figure 5-5.

This approach treats each realization as hard data, which is known as ground truth in many
geostatistical applications (e.g. Zhu and Journel, 1993; Goovaerts and Journel, 1995), and relies
on creating multiple borehole realizations with different Monte Carlo draw values to represent the
variability present in the histogram. Each borehole realization is then used as an input fote separa

indicator kriging calculation.

The Hard Data approach represents the simulated Ground Class along the borehole as
ground truth; there is no uncertainty at points that are collocated with points along the borehole.
Having multiple realizations does reflect variability within the histogram, but this approach
introduces uncertainty at the inter-realization scale, and not within a single result from indicator
kriging. Additionally, the Hard Data approach identifies the Ground Class at the borehole based
on the Monte Carlo draw alone, ignoring the variogram when simulating the Ground Classes along

the borehole.

Prior to Excavation+36 RIW 'DWD”’

Another histogram representation method was developed that directly provided individual
Ground Class probabilities as inputs to indicator kriging at the borehole locations. We refer to this
KLVWRJUDP VDPSOLQJ PHWKRG DV WKH 36RIW 'DWD” DSSURDF
the bin for which the RQD value is within was identified, and the probability of each Ground Class

occurring at that location is equal to the corresponding probability in the histogram. For example,

116



in the Second Sandstone, a location with an RQD of 24 would have a 0.32 probability of being
Ground Class 2 and a 0.68 probability of being Ground Class 3, whereas a location with an RQD

of 25 would have 0.32, 0.61, and 0.07 probabilities of being Ground Classes 1, 2 or 3, respectively.

Figure 5-5: RQD values recorded in the borehole that transects the Second Sandstone geologic
unit along with three realizations of the probability of Ground Class 1 occurring based on the
RQD values.
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Figure 5-6: RQD values recorded in the borehole that transects the Second Sandstone geologic
unit and the corresponding probabilities of each Ground Class occurring based on the RQD
values.

The probabilities of each Ground Class occurring in the Second Sandstone geologic unit in
the borehole and the corresponding RQD values recorded in the borehole are shown in Figure 5-6
Like the Hard Data approach, the Soft Data approach used the RQD histograms to identify the
Ground Class at the borehole, and the overall distribution of data was the same using both

approaches. The primary difference is that in the Soft Data approach, the variogram has a larger
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role in estimating the Ground Class at the borehole: simulation of the probabilities at the borehole
uses nearby probabilities as conditioning data, whereas the Hard Data approach assigned Ground
Classes to the borehole as ground truth independent of nearby borehole data. This important
distinction governs the spatial dependency of the data, and explains the differences in obtained

results.

5.2.3 During Excavation £Evaluation of Face Map Influence on Simulation Results

Once the most appropriate base approach was identified between the Hard Data and Soft
Data histogram representation methods, face maps were iteratively added as inputs for indicator
kriging. A base certainty map was created using none of the face maps, and each face map was
successively added along the direction of excavation (eastbound in the Second Sandstone and
westbound in the Orinda Formation). At various locations along the alignment ahead of each added
face map, two metrics were calculated: the change in the maximum individual probability value,
referred to as the change in modal certainty (see Figujyeahd a metric for the overall change
in the probabilities of each of the Ground Classes, the Pythagorean total probability cha&hge

(Equation 5-%

A2L ¥:645.5E 668 E : gy;® (5-5)

In Equation 5-5,A ds a measure of the total change of all Ground Class probabilities, and
éA v, &S the change in probability of Ground Classccurring. This provides a more robust metric
for calculating the total deviation of Ground Class probabilities than the change in modal certainty.

For example, if the prior probabilities of each Ground Class at a particular location were 0.25,
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0.25, and 0.50, respectively, but the addition of face map input data resulted in corresponding

probabilities of 0.50, 0.25, and 0.25, this would not be reflected by the change in modal certainty.

Both the change in modal certainty aAd2were used to evaluate the impact of the face
map data on the geostatistical predictions at distances 1-10 m ahead of each face map for both
units. Finally, A 2was used to identify the degree of change in the predicted results at locations

that were either correctly or incorrectly identified a priori.

5.3 Results

The first part of this section outlines the comparison of the two borehole representation
methods in the Second Sandstone and the Orinda Formations. Verification plots were used to
identify the modal certainty versus proportion of locations with that modal certainty that were

correctly identified a priori.

5.3.1 Prior to Excavation xComparison of Histogram Representation Methods

Face maps produced periodically during excavation identified the true Ground Class
encountered. This allowed for the outputs of the two histogram representation methods (Hard Data
and Soft Data) to be directly compared for accuracy in modal Ground Class predictions and for
the degree of correctness of the spatial uncertainty predictions. Using the certainty maps produced
(e.g. Figure 5-4b), the degree of correctness was calculated by identifying the nurabemoap
locations that fell within a given certainty range, then identifying how many of face maps within
that range were actually correct. These were compared to a 1:1 line, which is the ideatioerifi

plot (e.g. of all locations that have a certainty between 60-70%, approximately 65% should be
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correct). To obtain a goodness of fit relative to the 1:1 line, a weighted R2 metric was calculated
using Equation 5-6 (Boyd et al., 2019).

45 L s FAS g0y 01 F (5-6)

In Equation 5-6, the goodness of fif for N data points ovek intervals is calculated by
taking the sum of squared error relative to the 1:1 line af tfiedD OXHV UHVSHFWLYH LG
on the 1:1 line$SR)and divide it by the total sum of square difference from the mean of the data
points within the interval§S7 (Boyd et al., 2019). As there is a high variation in the number of
face maps in each bin, bins with a large number of face maps have a high degree of
heteroscedasticity in their results. For this reason, the weights are taken as the square roots of the

total number of face maps in each bin, which reduces heteroscedasticity and allows for more

unbiased weighing (Solon et al., 2013).

Second Sandstone Geologic Unit

The Second Sandstone was identified as ideal for this work; this unit possessed an RQD
by Ground Class histogram that showed a high degree of variability in RQD for each Ground
Class, ensuring that there would be a reasonable degree of uncertainty in the resulting outputs.
Additionally, the borehole was drilled approximately 50-70 m above the tunnel alignment,
allowing for some degree of uncertainty to be present due to the lower covariance values between
points on the borehole and points along the alignment (Hill, 1998). Results for both the Hard Data
and Soft Data approaches for histogram representation can be found in Figune Biguae 5-8
respectively. Although the indicator kriging estimates were averaged in the Hard Data approach,

this method produced more results due to the larger number of face maps considered because of
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the multiple realizations performed. In Figure 5-8, each point is an average of all the
realizations, whereas each point in Figure 5-7 comes from one set of borehole data inputs

(probabilities).

With multiple sub-vertical range values tested, the verification plots with the highest
correlation came from vertical range values 10 times larger than the horizontal range in both cases.
The lowest anisotropy ratio that was tested (vertical = 4 x horizontal range) also provided
reasonable results, but as the range ratio increased past 10, the Ground Class predictions became
systematically over-confident. This occurs because as the range value is increased towards infinity,
WKLV HITHFWLYHQ\VEWPKXKROPDHIWLRQ L H WKH UHVXOW DW WKH W

projection of the result simulated at the borehole).

Orinda Formation Geologic Unit

The other geologic unit that was examined in this work was the Orinda Formation. Like in
the Second Sandstone, the histogram of RQD by Ground Class shows distinct trends, with higher
RQD values corresponding to Ground Class 1 and lower RQD values corresponding to Ground
Classes 2 and 3. However, a key difference is that a large section of the tunnel alignment had a
single subhorizontal borehole running through its center, making this partially a 1-D problem
(Figure 5-2). Figure 5-9 and Figure 5-10 show the verification plots in the Orinda Formation for

the Soft Data and Hard Data approaches, respectively.

Results from the Soft Data approach show a reasonable correlation for the two lower
anisotropy ratios in the Orinda Formation (again, an anisotropy ratio of 10 produces the best
result). However, using the Hard Data approach, the results were systematically over-confident,

with the results of the Hard Data approach appearing similar to the Hard Data approach in the
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Second Sandstone at high vertical range values. Like in the Second Sandstone results, this
highlights an important distinction between the two borehole sampling methods. Using the Hard
Data approach, certainty is very high along the alignment due to the presence of the borehole
through the tunnel zone. In practice, however, locations along the tunnel zone inherently should
not have high certainty, as while borehole data are useful for estimating conditions in the
subsurface, there are limits when attempting to scale up results from a narrow borehole to the
excavation scale. The Soft Data approach effectively allows for uncertainty to d¢patieteinto
indicator kriging, and gives more reliable predictions of Ground Class probabilities at locations at
the borehole and away from the borehole. In order to test the effects of each of the two boreholes
in the Orinda Formation, indicator kriging was performed on the two boreholes separately for
domains within the lateral bounds of each borehole. An inherent limitation of this approach is that
the histograms used in the histogram representation methods were intended to be for the Orinda
Formation as a whole, not simply a single part of it. Orinda Formation West contains the borehole
that is located 20-50 m above the tunnel alignment zone, whereas Orinda Formation East contains
the borehole that is coincident with the tunnel alignment zone. Results for the Orinda Formation
West and East using the Soft Data approach can be found in Figure 5-11 and Figure 5-12
respectively, while results using the Hard Data approach can be found in Figure 5-13 and Figure
5-16. In the Orinda West, the simulation results were systematically overconfident. In Orinda East,
the results highlight the limitations of the Hard Data approach when a borehole is coincident with
the tunnel alignment; however, results obtained using the Soft Data approach with Orinda
Formation East does show a slight positive correlation in the verification plots, indicating this
approach may be useful even when considering boreholes coincident with the tunnel alignment

Zone.
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Figure 5-7: Verification plots for the Hard Data approach in the Second Sandstone using
indicator kriging with different sub-vertical (SV) ranges based on multiples of the sub-horizontal
(SH) range estimated from borehole data.
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Figure 5-8: Verification plots for the Soft Data approach in the Second Sandstone using indicator
kriging with different sub-vertical (SV) ranges based on multiples of the sub-horizontal (SH)
range estimated from borehole data.
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Figure 5-9: Verification plots for the Hard Data approach in the Orinda Formation using
indicator kriging with different sub-vertical (SV) ranges based on multiples of the sub-horizontal
(SH) range estimated from borehole data
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Figure 5-10: Verification plots for the Soft Data approach in the Orinda Formation using
indicator kriging with different sub-vertical (SV) ranges based on multiples of the sub-horizontal
(SH) range estimated from borehole data.
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Figure 5-11: Verification plots for the Hard Data approach in the Orinda Formation West using
indicator kriging with different sub-vertical (SV) ranges based on multiples of the sub-horizontal
(SH) range estimated from borehole data.
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Figure 5-12: Verification plots for the Hard Data approach in the Orinda Formation East using
indicator kriging with different sub-vertical (SV) ranges based on multiples of the sub-horizontal
(SH) range estimated from borehole data.
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Figure 5-13Verification plots for the Soft Data approach in the Orinda Formation West using
indicator kriging with different sub-vertical (SV) ranges based on multiples of the sub-horizontal
(SH) range estimated from borehole data.
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Figure 5-14: Verification plots for the Soft Data approach in the Orinda Formation East using
indicator kriging with different sub-vertical (SV) ranges based on multiples of the sub-horizontal
(SH) range estimated from borehole data.
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5.3.2 During Excavation £Soft Data Method

Having been previously verified, the Soft Data method was used to identify the change in
modal certainty andA 2ahead of the face given new information in the form of face maps. First,
the change in modal certainty was calculated; to do this, each face map was iterativélprdide
a new modal certainty map was created. Then, the change in modal certainty at distances ahead of
the face could be calculated by subtracting the new modal certainty value at a location from the
prior modal certainty value. Figure 5-15 and Figure 5-16 show the change in modalycertaint
ahead of face maps at different distances within the Second Sandstone and Orinda Formation,

respectively.

In both geologic units, the change in modal certainty is high in areas with lower a priori
modal certainty values at distances 1 and 2 m ahead of the face. There is a notable drop off in the
change of modal certainty at distances beyond 5 m. In the Orinda Formation, there is very change
in modal certainty in the portion of the alignment coincident with the borehole, but a notable

change in modal certainty in the region with no coincident borehole.

However, in the Second Sandstone, the valuesAdfare notably larger than the
corresponding change in modal certainty values, especially near the beginning of the excavation.
In these cases, it can be seen that an incorrect Ground Class was often assigned a priori, and the
presence of the face map led to a change in the modal Ground Class. For example, if the a priori
result predicted Ground Class 1 to be the modal outcome, but a nearby face map identified Ground
Class 3 only 10 m away, the Ground Class 3 may become the predicted modal outcome. Although
this would not necessarily result in any notable increase in modal certainty, the changes in each of

the individual Ground Class probabilities result in a relatively large change2in
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Figure 5-15: Change in modal certainty in the Second Sandstone geologic unit by adding face
maps overlaid with the modal certainty prior to excavation; gray indicates that the specified
distance ahead of face map is outside the problem domain.
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Figure 5-16: Change in modal certainty in the Orinda Formation geologic unit by adding face
maps overlaid with the modal certainty prior to excavation; gray indicates that the specified
distance ahead of face map is outside the problem domain.
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Figure 5-17: Pythagorean total probability changdel(in the Second Sandstone geologic unit at

distances 1, 2, 5, and 10 m ahead of the excavation, along with the prior modal certainty at each

location; locations where the prior modal Ground Class outcome changed when face maps were
added are identified.
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Figure 5-18: Pythagorean total probability chande}(in the Orinda Formation geologic unit at

distances 1, 2, 5, and 10 m ahead of the excavation, along with the prior modal certainty at each

location; locations where the prior modal Ground Class outcome changed when face maps were
added are identified.
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To understand whether or not the changes in Ground Class predictions caused by the
addition of face maps were generally improving Ground Class predictions, the average and
median A values at various distances ahead of all face map locations were calculated. This same
procedure was applied considering only cases where the a priori result (1) correctly identified and
(2) incorrectly identified the Ground Class at a particular location. These results for the Second

Sandstone and Orinda Formation are found in Figure 5-19 and Figure 5-20, respectively.

Figure 5-19: Pythagorean total probability chandel(n the Second Sandstone at various
distances ahead of the face for individual face maps and with mean and median values shown;
results are segmented based on whether the a priori results correctly or incorrectly identified the
Ground Class at each location of interest.
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Figure 5-20: Pythagorean total probability chandel(in the Orinda Formation at various
distances ahead of the face for individual face maps and with mean and median values shown;
results are segmented based on whether the a priori results correctly or incorrectly identified the
Ground Class at each location of interest.

In the Second Sandstone, there is a notably higher avéka&yenen the a priori result
incorrectly identified the Ground Class at a particular location than when the a prior resullycorrec
identified the Ground Class, even at a distance of 10 m ahead of the face. This shows that the

addition of face maps provides a valuable tool for adjusting predictions ahead of the face most
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when the prior modal outcome was originally wrong, although in the Second Sandstone, the

addition of face maps does adjust predictions even when the prior modal outcome was correct.

The Orinda Formation showed minimal influence of the face maps on the updated results
using either metric. This is again due to the fact that a large section of the alignment within the
Orinda Formation is collocated with a borehole. However, looking at the individual data points in
Figure 5-20, there are still some cases where the face maps did impact the Ground Class predictions
within a few meters of the face (only when the original Ground Class predictions at those locations

were incorrect).

5.4 Conclusions

Uncertainty in tunneling projects both prior to and during excavation is challenging to

guantify and predict with sparse borehole data and limited understanding of how information at

the borehole scale relates to the tunneling conditions encountered during excavation. This work
compared two methods of applying sparse, small-scale borehole information to estimate Ground
Classes and evaluated their accuracy in producing realistic predictions of Ground Class
XQFHUWDLQW\ 7KH ILUVW PHWKRG WHUPHG WaldldrawioU G 'DWLC
convert RQD values to Ground Classes, and assigned the results to the boreholes for a given
UHDOL]DWLRQ RI LQGLFDWRU NULJLQJ 7KH VHFRQG PHWKRG
Ground Class probabilities along the boreholes as the input for indicator kriging. This novel
comparison identified critical differences in these two methods even when the same input data are
used, as the indicator kriging algorithm treats these input data differently. While both of these
approaches used the saie VW RJIJUDP WKH DVVLIJQPHQW RI SUREDELOLW

for better utilization of the variogram to honor the spatial relationships inherent in the data.
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Additionally, face maps collected during excavation were iteratively incorporated into the
calculations to identify their influence on Ground Class prediction. This analysis confirmed that
in cases where the pre-excavation data are not coincident with the tunnel alignment, consideration
of additional data collected during excavation can significantly influence the results obtained from
updated calculations. An examination of the overall influence of added face maps on simulation
results (A 2 showed that in this particular geological environment, face map information can
provide information relevant to predictions up to 10 m ahead of the face; this is especially true
when information gathered during excavation contradicted initial Ground Class predictions and/or

where initial predictions had a high degree of uncertainty.

This work provides project stakeholders with valuable information for the basis of risk
assessment and evaluation not both prior to and during excavation; additionally, this work has
developed a tool that can aid geologists and engineers to understand where information should be
gathered during excavation and when initial predictions are more likely to be incorrect. This work
provides engineers and geologists with information about the value of incorporating data gathered
during excavation into update estimates of ground conditions and uncertainty. Additionally, the

methodology demonstrated in this study could be applied to other projects and geological settings.
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CHAPTER 6

CONCLUSIONS

The research in this thesis demonstrates how geostatistics can aid geologists and engineers
in understanding how different aspects of engineering uncertainty are affected by natural, random,
aleatory variability. Spanning from the grain (millimeter) to the project (kilometer) scale, the
approaches outlined in this thesis show that geostatistical methods can be successfully adapted
using unique approaches at varying spatial scales with different types and configurations of data,
leading to better characterization of geologic characteristics for use in subsurface rock engineering

projects. The following paragraphs summarize some of the specific findings of this research.

Covariance maps of UCS specimen images were able to successfully capture variability in
grain size, shape, and mineralogy based on grayscale values at the millimeter scale. As opposed to
traditional covariance maps, which are generated using sparse data and as a basis for other
variogram-based geostatistical approaches, the grayscale pixel values in the imagesriyere nea
continuous on the grid, creating data-dense 2-D covariance maps and 1-D variograms that were
highly certain; this captured minor variability within the rock core specimens with extremely high

precision.

Nontraditional use of covariance maps and variograms identified a positive relationship
between geologic and geomechanical variability using two output metrics from the
parameterization of 1-D variograms from the 2-D covariance maps (geologic variability) within a
specimen and the coefficient of variation of the UCS values for each specimen within a geologic
unit (geomechanical variability). Within the 18 rock units, a geostatistical parameter was defined
for individual UCS specimens that captured not only heterogeneity within the specimen, but fabric

orientation, anisotropy, and discrete features that could influence strength. Additionally, a second
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parameter was defined that captured heterogeneity between samples, and was found to be more
appropriate from UCS variability prediction when discrete features were not present in the
specimens. Ultimately, a framework for determination of the number of UCS specimens required
to evaluate the mean UCS value for a geotechnical unit was developed based on the parameters
and correlations that were identified. This approach is the first to allow for such a determination
to be made without the prior availability of a large (and costly) testing database for the purposes
of statistical analysis.

At the field-scale, the variogram-based algorithm Sequential Indicator Cosimulation
(COsSISIM) and the information theory concept of entropy were used to successfully combine a
JHRORJLVWITV LQWHU S U H W\eBtidtd&rgpatial unvckrtdinRQ HKROR J&ED W B TWHRL
sections. This is the first study to develop quantitative estimates of spatial uncertainty in cross-
sections created by geologists through integration of interpretive information and hard (borehole)
data. As both the primary and secondary data were of the same variable, decimation of the
secondary (cross-section) data was required so that the extensive cross-section (interpreted) data
did not over-condition the result and ignore the sparse borehole (true) data. While this ultimately
removed 96% of the information from these cross-sections, it was found that the variogram of the
decimated cross-section reflected the spatial dependency of features in the full cross-sedtions, a
provided the ability to quantify uncertainty.

Additionally, significant reduction of the Markov-Bayes Parameter in the COSISM
algorithm, which limited the cross-variogram between the two data types, signified that there is
weak correlation between the spatial dependency of the borehole and cross-section data. This was
found to increase the spatial influence of the borehole data even though they were more sparse

than the cross-section data. Ultimately, it was found that as geologist interpretation confidence

142



increases, the variogram range should be decreased and the number of conditioning data should be
decreased to achieve well-calibrated predictions of spatial uncertainty. The approaches used to
achieve this objective demonstrated that a nontraditional use of cosimulation could successfully
include the primary and secondary variable of the same data type.

Finally, an optimal method for the simulation of engineering Ground Class in the context
of an actual case study was identified, and this method was used to evaluate the impact of
incorporating face mapping data into geostatistical simulation on uncertainty predictions. Using
histograms of RQD (measured in boreholes) and Ground Class (inferred prior to excavation), two
histogram representation methods were compared using face maps for validation, as they identify
the true Ground Class encountered during excavation. The histogram representation method that
was found to provide the most accurate results was to assign probabilities of each Ground Class
being present along the boreholes as inputs for geostatistical simulation based on the measured

RQD values.

Using the aforementioned approach, it was found that the incorporation of face map data
into updated simulations reduced uncertainty up to 10 m ahead of the face throughout the
excavation in the Second Sandstone geologic unit.. Results showed that if a face map disagreed
with the a priori Ground Class prediction in a given area, it would have a notable influence on
simulation results up to 10 m ahead of the face, in some cases changing the modal Ground Class

prediction.

In the Orinda Formation, the Soft Data approach prior to excavation was found to have a
reasonably good (weakly correlated) result prior to excavation. While this approach was limited
by the collocated borehole along a large section of this geologic unit, a large aihangeal

outcome certainty was observed in the section that was not collocated with the borehole.
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In both geologic units, these results indicate that performing face mapping in a tunnel can
help prepare engineers for changing conditions and inform decisions with respect to the need for

further analysis or probe drilling.

This thesis has shown that nontraditional use of geostatistics can be successfully used to
better understand random, aleatory geologic variability at multiple scales and with different types
of data. In all of these analysis performed, it was critical to understand the most appropriate tool
based on the input data provided and the intended results, as each of these algorithms have
advantages and drawbacks for different applications. If used appropriately and with a solid
knowledge of all of these considerations, this work has shown that the use of geostatistics provides
geologists and engineers with a powerful tool to better capture, characterize, anfy gpatisl
geologic variability and uncertainty in the field of tunneling engineering, reducing risk and

ensuring these projects go more smoothly and with better outcomes.

6.1 Future Work

There are multiple directions for future work that resulted from this thesis. In bhe 2-
covariance map analysis, only UCS specimens were considered. This can easily bedeiypande
include triaxial specimens and BTS (Brazilian Tensile Strength) specimens. Additionally, the use
of the COSISIM-bas& DSSURDFK IRU L QW H JapieWtiocbuld hetyppoier thlavV W TV L
real case study, where the result could be verified based on the rock types encountered in the
alignment during excavation; while this was originally intended as a primary methodology for the
Caldecott Fourth Tunnel Fourth Bore analysis, the data provided were found to not be applicable
for this approach. Further, the COSISIM-based approach could be expanded to include multiple

geologists and multiple cross-sections in the verification methodology, allowing to reliably and
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guantitatively translate geologist certainty into input parameters in the COSISIM algorithm. With
respect to the Caldecott Fourth Bore analysis, the alternative (Hard Data) histogram representation
approach could be used to analyze the impact of face maps on updated simulations to see if the
results are similar to those already obtained. Additionally, the results obtained from this analysis
could be compared to a traditional Markov Chain approach, which uses the transiogram as opposed

to the variogram.

145



REFERENCES

Azevedo, L., R. Nunes, A. Soares, E.C. Mundin, and G. Schwedersky Neto. 2015. Integration of
well data into geostatistical seismic amplitude variation with angle inversion for facies
estimation Geophysics30 (6): M113-M128.

Baalousha, H. 2010. Assessment of a groundwater quality monitoring network using
vulnerability mapping and geostatistics: a case study from Heretaunga Plains, New
Zealand Agricultural Water Managemen®,7 (2): 240-246.

Bardossy, G. and J. Fodor. 2013. Evaluation of Uncertainties and Risks in Geology. 1st ed.
Heidelberg: Springer.

Barton, N., R. Lien, and J. Lunde. 1974. Engineering classification of jointed rock masses for the
design of tunnel suppofRock Mechanicg: 189-236.

Bedi, A. and J.P. Harrison. 2013. Characterisation and propagation of epistemic uncertainty in
rock engineering: A slope stability example. In Rock Mechanics for Resources, Energy,
and Environment, eds. M. Kwasniewski and D. Lydzba, 105 - 110. Leiden: CRC Press.

Bedi, A. 2013. A proposed framework for characterising uncertainty and variability in rock
mechanics and rock engineering. PhD diss., Imperial College London, London, United
Kingdom.

Bernardos, A.G., and D.C. Kaliampakos. 2004. A methodology for assessing geotechnical
hazards for TBM tunnellingtillustrated by the Athens Metro, Greet&ernational
Journal of Rock Mechanics and Mining Sciendds(6): 987-999.

Bieniawski, Z.T. 1976. Rock mass classification of jointed rock mass&sploration for Rock
Engineering Ed. Bieniawski. Balkema: Johannesburg.

Bierkens, M.P.F., and P.A. Burrough. 1993. The indicator approach to categorical soil data.
European Journal of Soil Scienek! (2): 361-368.

Bohling, Geoff. 2005. Introduction to geostatistics and variogram analysis. Kansas Geologic
Survey. 1-20.

Bond, C.E. 2015. Uncertainty in structural interpretation: lessons to be l&auntal of
Structural Geology74: 185-200.

Bowen, N. L. 1922. The reaction principle in petrogendde Journal of Geology0(3): 177-
198.

Boyd, D.L., G. Walton, and W. Trainor-Guitton. 2018. Improving geological models through

VWDWLVWLFDO LQWHJUDWLRQ R isé&fbsHKPQIE. BRRMWD DQG J
Mechanics / Geomechanics Symposium, 17-20 June 2018, Seattle, Washington.

146



Boyd, D.L., G. Walton, and W. Trainor-Guitton. 2019. Quantifying spatial uncertainty in rock
WKURXJK JHRVWDWLVWLFDO LQWHJUDW is&nRl ERUHKROH
Engineering GeologyAccepted/In Press.

Caers, J. 2000. Adding local accurary to direct sequential simulktathematical Geology32
(7): 815-850.

Caers, J. 2002. Geological history matching under training-image based geological model
constraints. Proceedings of the SPE Annual Technical Conference and Exhibition, 29
Septembert2 October, San Antonio, Texas: 1-16.

Caers, J., and T. Zhang. 2004. Multiple-point geostatistics: a quantitative vehicle for integrating
geologic analogs into multiple reservoir modétgegration of Outcrop and Modern
Analogs in Reservoir Modeling: AAPG Memoir 883-394.

Cai, M. Rock mass characterization and rock property consideration for tunnel and cavern
design.Rock Mechanics and Rock Engineerifig;, 377-399.

Capilla, J.E., J. Rodrigo, and J.J. Gomez-Hernandez. 1999. Simulation of non-Gaussian
transmissivity fields honoring piezometric data and integrating soft and secondary
information.Mathematical Geology31 (7): 907-927.

Carle, S.F., and G.E. Fogg. 1995. Transition probability-based indicator geostatistics.
Mathematical Geology28 (4): 453-476.

Carle, S.F., and G.E. Fogg. 1997. Modeling spatial variability with one and multidimensional
continuous-lag Markov chaindlathematical Geology29 (7): 891-918.

Carle, S.F. 19991-352*6 7UDQVLWLRQ 3UREDELOLW\ *HRVWDWLVWLF|
Guide.University of California: Davis, CA, USA.

Cattle, J., A.B. McBratney, and B. Minasny. 2002. Kriging method evaluation for assessing the
spatial distribution of urban soil lead contaminatidournal of Environmental Quality,
31 (5): 1576-1588.

Ching, J., and J. Wang. Application of the transitional Markov Chain Monte Carlo algorithm to
probabilistic site characterizatioBngineering Geology203: 151-167.

Cho, S.E. 2007. Effects of spatial variability of soil properties on slope staBiigyneering
Geology,92 (3-4): 97-109.

Christakos, G. 1984. On the problem of permissible covariance and variogram néatels.
Resources Researcd) (2): 251-265.

Cressie, N. 1985. Fitting variogram models by weighted least squares. Mathematical Geology,
17 (5): 563-586.

Cressie, N. 1990. The origins of krigingathematical Geology2 (3): 239-252.

147



Day, J.J. 2012. A Critical Look at Geotechnical Classification for Rock Strength Estimation. In
46th U.S. Rock Mechanics / Geomechanics Symposium, 24-27 June, Chicago, lllinois

Day, J.J. 2017. The Influence of Healed Intrablock Rockmass Structure on the Behaviour of
'"HHS ([FDYDWLRQV LQ &RPSOH[ 5SRFNPDVVHV 3K' GLVV 4
Ontario, Canada.

Day, J.J., M.S. Diederichs, and D.J. Hutchinson. 2017. The influence of mineralogy and grain
scale features in healed intrablock structure on direct shear properties in the Cobourg
Limestone. In 53 U.S. Rock Mechanics / Geomechanics Symposium, 25-28 June, San
Francisco, California

de Vallejo, L.1.G. and M. Ferrer. 2011. Geological Engineering. 1st ed. London: Taylor &
Francis Group.Fookes, P.G. 1997. Geology for engineers: the geological model,
prediction, and performanc@uarterly Journal of Engineering Geolod3Q: 293-424.

Delac, K., M. Grgic, and T. Kos. 2006. Sub-image homomorphic filtering technique for
improving facial identification under difficult illumination conditions. In International
Conference on Systems, Signals, and Image Processing, 21-23 September 2006,
Budapest, Hungary.

Delbari, M., P. Afrasiab, and W. Loiskandl. 2009. Using sequential Gaussian simulation to
assess the field-scale spatial uncertainty of soil water co@AETNA,79 (2): 169-169.

Delhomme, J.P. 1978. Kriging in the hydroscienéehl/ances in Water Resourcéq5): 251-
266.

dell'Arciprete, D., R. Bersezio, F. Felletti, M. Giudicu, A. Comunian, and P. Renard. 2012.
Comparison of three geostatistical methods for hydrofacies simulation: a test on alluvial
sedimentHydrogeology Journal0 (2): 299-311.

Deutsch, C.V., and P.W. Cockerham. Practical consdierations in the application of simulated
annealing to stochastic simulatidvathematical Geology26 (1): 67-82.

Deutsch, C.V., S. Srinivasan, and Y. Mo. 1996. Geostatistical reservoir modeling accounting for
precision and scale of seismic data. Proceedings of the 1996 Society of Petroleum
Engineering Annual Technical Conference and Exhibition, 6-9 October 1996, 9-19.
Denver, CO, USA.

Deutsch, C.V., and A.G. Journel. 19@5LIB: *HRVWDWLVWLFDO 6RIWZDUH /LEUL
Guide.Oxford University Press, New York.

Deustch, C.V. 2006. A sequential indicator simulation program for categorical variables with
point and block data: BlockSIE.omputers and Geoscienc8g, (10): 1669-1681.

Dindarloo, S.R., A. Bagherieh, J.C. Hower, J.H. Calder, and N.J. Wagner. 2015. Coal modeling
using Markov Chain and Monte Carlo simulation: analysis of microlithotype and
lithotype successiorsedimentary Geolog$29: 1-11.

148



Drew, L. J., S. Southworth, D. Sutphin, G. Rubis, J. Schuenemeyer, and W. Burton. 2004.
Validation of the relation between structural patterns in fractured bedrock and structural
information interpreted from 2-D-variogram maps of water-well yields in Loudoun
County, Virginia.Natural Resources Researd8(4): 255-264.

Einstein, H. 1996. Risk and risk analysis in rock engineefingnelling and Underground
Space Technology1(2): 141-155.

Einstein, H.H., C. Indermitte, J. Sinfield, F.P. Descorudres, and J. Dudt. Tra®8portation
Research Board: Journal of the Transportation Research Bd&&h: 6-13.

Elfeki, A., and M. Dekking. 2001. A Markov chain model for subsurface characterization: theory
and applicationdViathematical Geology33 (5): 569-589.

Felletti, F., and G.P. Beretta. Expectation of boulder frequency when tunneling in glacial till: a
statistical approach based on transition probabHhgineering Geology,08 (1-2): 43-
53.

Fenton, G.A. and E.H. Vanmarcke. 1990. Simulation of random fields via local average
subdivision.Journal of Engineering Mechanic16 (8): 1733-1749.

Fookes, P.G., F.J. Baynes, and J.N. Hutchinson. 2000. Total geological history: a model
approach to the anticipation, observation, and understanding of site conditions.
International Society of Rock Mechanics and Rock Engineering, ISRM International
Symposium, 19-24 November 2000, Melbourne, Australia.

Fleckenstein, J.H., R.G. Niswonger, and G.E. Fogg. River-aquifer interactions, geologic
heterogeneity, and low-flow managemeatoundwater44 (6): 837-852.

Frodeman, R. 1995. Geological reasoning: geology as an interpretive and historical science.
Geological Society of America BulletitQ7 (8): 960-968.

Gall Zeidler Consultants. 2010. SEM Daily Geological Report.

Geomatrix. 2008. Updated final geologic and geotechnical data report, Caldecott Tunnel
Improvement Project.

Ghazvinian, E., M. Diederichs, and D. Martin. 2012. Identification of crack damage thresholds in
crystalline rock. INSRM International SymposiussEUROCK 2012, 28-30 May,
Stockholm, Sweden.

Ghazvinian, E., M. Perras, M. Diederichs, and D. Labrie. 2013. The effect of anisotropy on crack
damage thresholds in brittle rocks. Irf'47.S. Rock Mechanics / Geomechanics
Symposium, 23-26 June, San Francisco, California.

Gill, D.E., R. Corthesy, and M.H. Leite. 2005. Determining the minimal number of specimens
for laboratory testing of rock propertidsngineering Geology/8: 29-51.

149



Goovaerts, P., and A.G. Journel. 1995. Integrating soil map information in modelling the spatial
variation of continuous soil propertidsuropean Journal of Soil Scienetg: 397-414.

Goovaerts, P. 199Geostatistics for Natural Resources Evaluationford University Press,
Oxford.

Grasmick, J. Modeling spatial geotechnical parameter uncertainty and quantitative tunneling.
2019. PhD diss., Colorado School of Mines, Golden, CO, USA.

Griffiths D.V., G.A. Fenton. 2004. Probabilistic slope stability analysis by finite elements.
Journal of Geotechnical and Geoenvironmental Engineefi,(5): 507-518.

Griffiths, D.V., J. Huang, and G.A. Fenton. 2009. Influence of spatial variability on slope
reliability using 2-D random fieldslournal of Geotechnical and Geoenvironmental
Engineering,135 (10): 1367-1378.

Hadjigergiou, J., and J.P. Harrison. 2012. Uncertainty and sources of error in rock engineering.
In Harmonising Rock Engineering and the EnvironmEds. Qian and Zhou. Taylor and
Francis Group, London: 2063-2067.

Haas, T.C. 1990. Kriging and automated variogram modeling within a moving window.
Atmospheric Environment, Part A. General TopR%(7): 1759-17609.

Haas, C., and H.H. Einstein. 2002. Updating the decision aids for tunrldurgal of
Construction Engineering and Managemeitl (1): 40-48.

He, X.L., T.O. Sonnenborg, F. Jorgensen, and K.H. Jensen. 2014. The effect of training image
and secondary data integration with multiple-point geostatistics in groundwater
modelling.Hydrology and Earth System Scient®; 2943-2954.

Hill, D. 1998. Comparison of median indicator kriging with full indicator kriging in the analysis
of spatial data. B.S. thesis, Edith Cowan University, Perth, Western Australia, Australia.

Hoek, E. and E. T. Brown. 1998. Practical Estimates of Rock Mass Strérgthational
Journal of Rock Mechanics and Mining Scien@#s(8): 1165-1186.

Hoek, E. and E. T. Brown. 1980. Empirical strength criterion for rock masses. Journal of
Geotechnical and Geoenvironmental Engineering, 106: 1015-1039.

Hoek, E., C.T. Carranza-Torres, and B. Corkum. 2002. Hoek-Brown failure criterR92
edition. NARMS-Tac Conference, 2002, Toronto, Ontario, Canada.

Horata, A., and A. Soares. 2010. Direct sequential co-simulation with joint probability
distributions.Mathematical Geoscience4? (2010): 262-292.

Jeon, S., C. Hong, and K. You. 2009. Design of tunnel supporting system using geostatistical

methods. InGeotechnical Aspects of Underground Construction in Soft Grdtol,Ng,
Huang, and Lu. London: Taylor & Francis Group.

150



Jing, L. 2003. A review of techniques, advances, and outstanding issues in numerical modelling
for rock mechanics and rock engineeriigernational Journal of Rock Mechanics and
Mining Sciences40(3): 283-353.

Jones, B., and O.A. Dixon. 1976. Storm deposits in the Read Bay Formation (upper Silurian),
Somerset Island, Canada (an application of Markov chain anall@ishal of
Sedimentary Research6 (2): 393-401.

Jones, N.L., J.R. Walker, and S.F. Carle. Hydrogeologic unit flow characterization using
transition probability geostatistic&roundwater43 (2):

Journel, A.G., and E.H. Isaaks. 1984. Conditional indicator simulation: application to a
Saskatchewan uranium deposiurnal for the International Association for
Mathematical Geologyi,6 (7): 685-718.

Ju, H., S. Choi, and I. Hwang. 2019. Markov chain model for inadvertent human intrusion into
geological repositories for high level wastSsiclear Engineering and Desigg41: 209-
219.

Klein, C. and N. J. Beukes. 1989. Geochemistry and sedimentology of a facies transition from
limestone to iron-formation deposition in the early Proterozoic Transvaal Supergroup,
South Africa. Economic Geology, 84.

Koch, J., X. He, K.H. Jensen, and J.C. Refsgaard. 2014. Challenges in conditioning a stochastic
geological model of a heterogeneous glacial aquifer to a comprehensive soft data set.
Hydrology and Earth System Sciencks, 2907-2923.

Kranz, R. 1983. Microcracks in rocks: a review. Technophysics, 100 (1-3): 449-480.

Krige, D.G. 1951. A statistical approach to some basic mine valuation problems on the
WitwatersrandJournal of South African Institute of Mining and Metallurg§, (6): 119-
139.

Krumbein, W.C., and M.F. Dacey. 1969. Markov chains and embedded Markov chains in
geology.Journal for the International Association for Mathematical Geoldggd): 79-
96.

Kyriakidis, P. 2005a. raster2structgrid.m. MATLAB code.

Kyriakidis, P. 2005b. geoeas2matlab.m. MATLAB code.

Kyriakidis, P. 2005c. matlab2geoeas.m. MATLAB code.

Lan, H.X., C.H. Zhou, L.J. Wang, H.Y. Zhang, and R.H. Li. 2004. Landslide hazard spatial
analysis and prediction using GIS in the Xiaojiang watershed, Yunnan, China.
Engineering Geology;6 (1-2): 109-128.

151



Langford, John. 2013. Application of Reliability Methods to the Design of Underground
6WUXFWXUHYV 3K' GLVV AXHHQTY 8QLYHUVLW\ .LQJVWR!

Lark, R.M., S. Thorpe, H. Kessler, and S.J. Mathers. 2014. Interpretative modelling of a
geological cross section from boreholes: sources of uncertainty and their quantification.
Solid Earth 5: 1189-1203.

Le Ravelac-Dupin, M., and S. Da Viega. 2011. Cosimulation as a perturbation method for
calibrating prosity and permeability fields to dynamic d@@amputers and Geosciences,
37 (2011): 1400-1412.

Lee, S.Y., S.F. Carle, and G.E. Fogg. 2007. Geologic heterogeneity and a comparison of two
geostatistical models: Sequential Gaussian and transition probability-based geostatistical
simulation.Advances in Water Resourc8s, (9): 1914-1932.

Leuangthong, O., J.A. McLennan, and C.V. Deutsch. 2004. Minimum acceptance criteria for
geostatistical realizationblatural Resources Researd3: 131-141.

Li, Z. X. Wang, H. Wang, and R.Y. Liang. Quantifying stratigraphic uncertainties by stochastic
simulation techniques based on Markov random fieidjineering Geology201: 106-
122.

Lin, Y.P., T.K. Chang, and T.P. Teng. 2001. Characterization of soil lead by comparing
sequential Gaussian simulation, simulated annealing, and kriging methods.
Environmental Geologyil (2001): 189-199.

Liu, C., C. Jang, and C. Liao. 2004. Evaluation of arsenic contamination potential using indicator
kriging in the Yun-Lin aquifer (Taiwanpcience of the Total EnvironmeBg1 (1-3):
173-188.

Lyon, S.W., AJ. Lembo, Jr., M.T. Walter, and T.S. Steeinhuis. 2006. Defining probability of
saturation with indicator kriging on hard and soft datdvances in Water Resourc@s,
(2): 181-193.

Lubeseder, S., J. Rath, M. Rucklin, and R. Messbacher. Controls on Devonian hemi-pelagic
limestone deposition on cephalopod ridge to slope sections, Eastern Anti-Atlas, Morocco.
Facies 56 (2): 295-315.

Mackenzie, F.T., and J. D. Pigott. 1981. Tectonic controls of Phanerozoic sedimentary rock
cycling. Journal of the Geologic Societ{38 (2): 183-196.

Mann, C.J. 1993. Uncertainty in geology.Gomputers and Geologkds. J.C. Davis and U.C.
Herzfeld. Oxford University Press, Oxford: 241-254.

Mantoglou, A., and J.L. Wilson. 1982. The tuning bands method for simulation of random fields

using line generation by a spectral methdter Resources ReseardR, (5): 1379-
1394,

152



Marcotte, D. 1996. Fast variogram computation with REGmputers and Geosciencg, (10):
1175-1186.

Mariethoz, G., and J. Caers. 20Multiple-point Geostatistics: Stochastic Modeling with
Training ImagesJohn Wiley and Sons: Chicester, UK.

Marioni, O. 2003. Improving geological models using a combined ordinary-indicator kriging
approachEngineering Geology§9 (203): 37-45.

Martin, C.D., and N. A. Chandler. 1994. The progressive failure of Lac du Bonnet Granite.
International Journal of Rock Mechanics and Mining Sciences and Geomechanics
Abstracts 31(6): 643-659.

Martino, S., M. Moscatelli, and G.S. Mugnozza. 2004. Quaternary mass movements controlled
by a structurally complex setting in the central Apennines (ItBlygyiineering Geology,
72 (1-2): 33-55.

Matheron, G. 1963. Principles of geostatisticeEtonomic Geologyg8 (8), pp. 1246-1266.

Miall, A.D. 1973. Markov chain analysis applied to an ancient alluvial plain succession.
Sedimentology: the Journal of the International Association of Sedimentol@Qig8;
347-364.

Min, S.Y., T.K. Kim, J.S. Lee, and H.H. Einstein. 2003. Application of decision aids for
tunnelling (DAT) to a drill and blast tunné{SCE Journal of Civil Engineerind, (5):
619-628.

Min, S.Y., T.K. Kim, J.S. Lee, and H.H. Einstein. 2008. Design and construction of a road tunnel
in Korea including application of the decision aids for tunnetiagase study.
Tunneling and Underground Space Technol@&$y(2): 91-102.

Min, S., and H.H. Einstein. 2016. Resource scheduling and planning for tunneling with a new
resource model of the decision aids for tunneling (DATnnelling and Underground
Space Technolog$l: 212-225.

Miranda, T., A.G. Correia, and L.R. e Sousa. 2013. Bayesian methodology for updating
geomechanical parameters and uncertainty quantificatitarnational Journal of Rock
Mechanics & Mining Scienced6: 1144-1153.

Nunez, R., A. Soares, L. Azevedo, and P. Pereida. 2017. Geostatistical seismic inversion with
direct sequential simulation and co-simulation with multi-local distribution functions.
Mathematical Geosciencéd9 (2017): 583-601.

Olea, R.A. 1991Geostatistical glossary and multilingual dictiona@xford University Press,
New York: 74.

Oliver, D.S., and Y. Chen. Recent progress on reservoir history matching: a i@oieyuters
and Geosciencedb: 185-221.

153



Oliver, M.A., and R. Webster. 2014. A tutorial guide to geostatistics: computing and modelling
variograms and krigingcATENA,113: 56-69.

Palmstrong, A., and E. Broch. 2006. Use and misuse of rock mass classification systems with
particular reference to the Q-Systehunnelling Underground and Space Technol@ty,
(6): 575-593.

Pepe, G., A. Cevasco, L. Gaggero, and R. Berardi. 2017. Variability of intact rock mechanical
properties for some metamorphic rock types and its implications on the number of test
specimensBulletin of Engineering Geology and the Environm&#t(2): 629-644.

Priest, S.D., and J.A. Hudson, 1981. Estimation of discontinuity spacing and trace length using
scanline surveysnternational Journal of Rock Mechanics, Mineral Science, and
Geomechanics Abstracts3 (3): 183-197.

Qi, X., D. Li, K. Phoon, Z. Cao, and X. Tang. Simulation of geologic uncertainty using coupled
Markov chain Engineering Geology207: 129-140.

Randle, C.H., C.E. Bond, R.M. Lark, and A.A. Monaghan. 2018. Uncertainty in geological
interpretations: effectiveness of expert elicitatidBsosphereaccepted/in press.

Reiland, T. 2008. Determining Sample Size to Estirpabe ST-350, Economic and Business
Statistics, North Carolina State University.

Rizti, R.W., D.F. Jayne, A.J. Zahradnik, A.A. Field, and G.E. Fogg. 1994. Geostatistical modeling
of heterogeneity in glaciofluvial, buried-valley aquifeBsound Water32 (4): 666-674.

Ruffolo, R.M., and A. Shakoor. 2009. Variability of unconfined compressive strength in relation
to number of test sampldsngineering Geologyl08: 16-23.

Seow, M.-J., and V. Asari. 2006. Ratio rule and homomorphic filter for enhancement of digital
colour imageNeurocomputing69 (7-9): 954-958.

Shannon, C.E. 1948. A mathematical theory of communicalio® Bell System Technical
Journal,27: 1-55.

Snyder, M.E., and J.W.F. Waldron. 2018. Fracture overprinting history using Markov chain
analysis: Windsor-Kennetcook subbasin, Maritimes Basin, Cadadeal of Structural
Geology,108: 80-93.

Soares, A. 2001. Direct sequential simulation and cosimuldathematical Geology33 (8):
911-926.

Solon, G., S. J. Haider, and J. Wooldridge. 2013. What are we weighting for? Working Paper
18859, Natural Bureau of Economic Research.

Solow, A.R. 1986. Mapping by simple indicator krigifgathematical Geologyi,8 (3): 335-352.

154



Soltani, F., P. Afzal, and O. Asghari. 2014. Delineation of alteration zones based on Sequential
Gaussian Simulation and concentratiwolume fractal modeling in the hypogene zone
of the Sungun copper deposit, NW Irdournal of Geochemical Exploratioh40: 64-
76.

Sorbie, K.S., F. Fenghi, G.E. Pickup, P.S. Ringrose, and J.L. Jensen. 1994. Flow regimes in
miscible displacements in heterogeneous correlated random 8&#&sAdvanced
Technology Serieg, (2): 78-87.

State of California Department of Transportation. 2009. Notice to bidders and special provisions
for construction on state highway in Alameda and Contra Costa Counties from east
Temescal Separation to 0.8 km east of Gateway Blvd.

Stavropoulou, S., G. Xiroudakis, and G. Exadaktylos. 2010. Spatial estimation of geotechnical
parameters for numerical tunneling simulation and TBM performance gAatsa
Geotechnica5 (2): 139-150.

Strebelle, S., and A.G. Journel. 2001. Reservoir modeling using multiple-point statistics.
Proceedings of the 2001 SPE Annual Technical Conference, New Orleans, Louisiana, 30
Septembert3 October 2001: 1-12.

Strebelle, S. 2002. Conditional simulation of complex geological structures using multiple-point
statisticsMathematical Geologyd4 (1): 1-21.

Szwedzicki, T. 2007. Technical note: A hypothesis on modes of failure of rock samples tested in
uniaxial compression. Rock Mechanics and Rock Engineering, 40 (1): 97-104.

Tacher, L., I. Pomian-Srzednicki, and A. Parriaux. 2006. Geological uncertainties associated
with 3-D subsurface model€omputers & Geoscienced?: 212-221.

Trainor-Guitton, W. 2016. Lecture: GPGN-598A, Geophysical Data Integration and
Geostatistics.

Turichshev, T. and J. Hadjigeorgiou. 2017. Quantifying the effects of vein mineralogy,
thickness, and orientation on the strength of intact feogineering Geology225 (4).

Ulusay, R. (Ed.) 2014. The ISRM Suggested Methods for Rock Characterization, Testing, and
Monitoring: 2007 £2014. 1st Ed. Switzerland: Springer.

Vallejos, J. A., K. Suzuki, A. Brzovic, and D. M. Ivars. 2015. Application of synthetic rock mass
to veined core-size samplésternational Journal of Rock Mechanics and Mining
Sciences81: 47-61.

Vanmarcke, E. 201@Random Fields: Analysis and Synthe®¥rld Scientific Publishing
Company: Singapore.

:DQJ < DQG = &DR SBUREDELOLVWLF FKDUDFWHUL]DWLF
equivalent sample&ngineering Geology,59 (2013): 106-118.

155



Wang, Y., K. Huang, and Z. Cao. 2013. Probabilistic identification of underground soll
stratification using cone penetration te§€tanadian Geotechnical Journd&p (7): 766-
776.

Wang, Y., T. Zhao, and Z. Cao. 2015. Site-specific probability distribution of geotechnical
propertiesComputers and Geotechnid): 159-168.

Wang, Y., Z. Cao, and D. Li. 2016. Bayesian perspective on geotechnical variability and site
characterizationEngineering Geology203: 117-125.

Wang, H., J.F. Wellmann, Z. Li, X. Wang, and R.Y. Liang. 2017. A segmentation approach for
stochastic geological modeling using hidden Markov random fibdthematical
Geoscience#}9: 145-177.

Wang, Y., and T. Zhao. 2017. Statistical interpretation of soil property profiles from sparse data
using Bayesian compressive sampliGgotechniquet? (6): 523-536.

Wang, Y., T. Zhao, Y. Hu, and K. Phoon. 2019. Simulation of random fields with trend from
sparse measurements without detrendingrnal of Engineering Mechanic$45 (2).

Webster, R., and M. A. Oliver. 200@eostatistics for Environmental Scienti?¥ ed.
Chichester, West Sussex, England: John Wiley and Sons Ltd.

Wellmann, J.F., S. Finsterle, and A. Crocher. 2014. Integrating structural geological data into the
inverse modelling framework of iTOUGHZomputers and Geosciencés, (2014): 95-
109.

Wellmann, J.F., M. de la Varga, R.E. Murdie, K. Gessner, and M. Jessell. 2017. In
Characterization of Ore-Forming Systems from Geological, Geochemical, and
Geophysical Studiegds. K. Gessner and T.G. Gorjonen-Ward. Geological Society of
London, London, UK.

Wong, T.-F. 1982. Micromechanics of faulting in Westerly Grahitiernational Journal of
Rock Mechanics and Mining Sciences and Geomechanics Absirg(@s 49-64.

Xiong, Z., J. Guo, Y. Xia, H. Lu, M. Wang, and S. Shi. 2018. A 3D multi-scale geology
modeling method for tunnel engineering risk assessmeannelling and Underground
Space Technology3: 71-81.

Xu, W., T.T. Tran, R.M. Srivastava, and A.G. Journel. 1992. Integrating seismic data in reservoir
modelling: the collocated cokriging alternative. Proceedings of the 67th Annual
Technical Conference and Exhibition of the Society of Petroleum Engineers, 4-7
October, 1992, Washington, DC, USA: 833-842.

Yamamoto, J.K. 2000. An alternative measure of the reliability of ordinary kriging estimates.
Mathematical Geolog\y32 (4): 489-509.

156



Zetterlund, M., T. Norberg, and L. Rosen. 2011. Framework for value of information analysis in
rock mass characterization for gouting purpodesrnal of Construction Engineering
and Managemeni,37 (7): 486-497.

Zhang, J., L.M. Zhang, and W.H. Tang. 2009. Bayesian framework for characterizing
geotechnical model uncertaintjournal of Geotechnical and Geoenvironmental
Engineering,135 (7): 932-940.

Zhao, T., Y. Hu, and Y. Wang. 2018. Statistical interpretation of spatially varying 2D geo-dat

from sparse measurements using Bayesian compressive sargplymgeering Geology
246: 162-175.

Zhao, T. and Y. Wang. 2019. Determination of efficient sampling locations in geotechnical site
characterization using information entropy and Bayesian compressive sampling.
Canadian Geotechnical Journaccepted/in press.

Zhu, H. and A.G. Journel. 1993. Formatting and interpreting soft data: stochastic imaging via the
Markov-Bayes algorithm. In Geostatistics-Troia, ed. A. Soares. 1-12.

157



