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Abstract
Recent earthquakes, such as the 2011 Christchurch, New Zealand earthquake have
demonstrated the significant damage potential liquefaction poses to communities.
On the regional scale, liquefaction hazard mapping is primarily dependent on the
surficial geology to identify liquefaction susceptible units and geotechnical soil
data are used to account for the variability within units. However, these studies
are costly, therefore not widely available and do not report meaningful
probabilities. Thus, there is a need to develop a method of liquefaction hazard
mapping that is dependent on globally available geospatial data that can be used
in rapid hazard mapping. Logistic regression and ROC curve analysis were used
to develop and validate a probabilistic geospatial liquefaction model based on
data from the 1995 Hygo-ken Nanbu earthquake in Kobe, Japan. The predicted
probabilities of the model successfully captured the spatial distribution of the
observed liquefaction features in Kobe. To assess the general applicability of the
model, the model was tested in Christchurch, New Zealand and the predictive
performance compared to a similar model developed in Christchurch and tested in
Kobe. Overall results suggest that on a regional scale, liquefaction occurrences
can be assessed using only globally available geospatial data.
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A Geospatial Liquefaction
Model

by
Davene J. Daley

Chapter 1
Introduction

1.1

Liquefaction Hazard Mapping

In recent years, events such as the 2010 Port-au-Prince earthquake, 2011 Tohoku,
Japan earthquake and the 2011 Darfield and Christchurch, New Zealand
earthquakes have demonstrated the significant hazard earthquakes pose to
communities. Particularly, the effects of liquefaction during these recent events
amplified the devastation observed across these regions. In the event of an
earthquake, rapid earthquake loading creates undrained conditions in loose
saturated cohesionless soils. Shaking causes the soil to contract, decreasing the
void ratio, and thus causing an increase in the pore water pressures and a
subsequent decrease in effective confining stress and soil strength (Idriss and
Boulanger, 2008; Kramer, 1996). This phenomenon is called liquefaction.
Surface manifestations of liquefaction include sand boils, lateral
spreading, ground settlement, bearing capacity failures and flow failures (Kramer,
1996). Liquefaction is typically restricted to specific regions determined by the
underlining geology and earthquake characteristics. Properties such as soil type,
relative density, depositional environment, geologic age, seismic intensity and
duration of ground shaking affect the susceptibility of a region to liquefaction
(Seed and Idriss, 1971). Generally, shallow, loose, saturated and relatively young
2

cohesionless soils subjected to earthquake loading, are more susceptible to
liquefaction. As a result, many coastal communities are frequently highly
susceptible to liquefaction. The severity of these liquefaction effects is an
important subject addressed by earthquake engineers and much research has been
done to improve the accuracy of predicting the likelihood of liquefaction and the
associated potential for significant damage.
Typically, liquefaction potential is evaluated on two scales: regionally
based on surficial geology (Youd and Perkins, 1978; Youd and Hoose, 1977;
Brankman and Baise, 2008), and locally using site specific geotechnical data
(Iwasaki et al., 1984; Youd et al., 2001). On the local scale, the liquefaction
potential of soils is evaluated using the Simplified Procedure based on soil data
obtained from geotechnical soil testing techniques such as the standard
penetration test (SPT), cone penetration test (CPT), or shear wave velocity, where
site specific soil characteristics such as the depth to water table, grain size
distribution and stratigraphy are determined (Seed and Idriss, 1971; Iwasaki et al.,
1984; Kayen et al., 1992; Robertson and Wride, 1998; Youd et al., 2001). Though
these methods are widely used in practice, liquefaction hazard mapping using
these techniques are relatively expensive, particularly in countries where
resources for site specific studies are unavailable. Large scale, well distributed
geotechnical data are costly and sparse. In some urban regions when data are
available, hazard maps often incorporate both geotechnical data and surficial
geology (Holzer et al., 2006; Lenz and Baise, 2007; Brankman and Baise, 2008).
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Liquefaction hazard mapping on the regional scale uses surficial geology
to delineate liquefaction susceptible units (Youd and Perkins, 1978; Youd and
Hoose, 1977; Brankman and Baise, 2008). One of the first attempts at mapping
the liquefaction susceptibility of soils was developed by Youd and Perkins (1978).
Their proposed method combined two essential maps: (1) the ground shaking
opportunity map which indicates the likely occurrence of seismic shaking strong
enough to cause liquefaction and (2) a ground failure susceptibility map that
indicates susceptible geologic units to liquefaction. Both maps are combined to
create a liquefaction potential map that not only indicates the level of liquefaction
susceptibility but also the likelihood of ground failure occurrence significant
enough to cause liquefaction. In this method and subsequent liquefaction hazard
mapping approaches, geologic characteristics such as age of deposition,
depositional environment, geologic history and ground slope are all used to
classify surficial units into quantitative susceptibility classes, such as high,
moderate or low (Youd and Perkins, 1978; Youd and Hoose, 1977).
The main limitation to the liquefaction susceptibility maps developed by
the method proposed by Youd and Perkins (1978) is that it is frequently assumed
that each surficial unit is homogenous. Large geologic units can be identified as
high susceptibility despite the fact that only a small region or regions within the
unit will actually liquefy (Youd and Perkins, 1978). This assumption results in
misleading liquefaction susceptibility categorizations. To account for the
variability of liquefaction susceptibility within each unit, recent methods of
regionally mapping have included subsurface data usually collected using SPT,
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CPT or similar methods. When used in regional mapping, the surficial geology is
first used to identify liquefaction susceptible units and the subsurface data are
scattered across the susceptible units (Brankman and Baise, 2008). Brankman and
Baise (2008) and Baise et al. (2006) have addressed the reliability of this method
of susceptibility mapping by geostatistically combining subsurface data with
regional liquefaction mapping. Their approach uses probabilistic and statistical
methods with a complete geotechnical database to assess the spatial extent of
liquefiable soils.
Incorporating geotechnical subsurface data using the liquefaction potential
index, LPI, to assess liquefaction potential is an approach recently adopted in
regional mapping (Toprak and Holzer, 2003; Holzer et al., 2006; Baise et al.,
2006; Lenz and Baise, 2006). LPI is primarily dependent on three factors; the
thickness of the liquefied layer, the depth of the liquefied layer and the factor of
safety against liquefaction FL. Holzer et al. (2003) applied LPI to map
liquefaction hazard by grouping the LPI values into geologic units and
determining the percentage of LPI values greater than 5, the critical LPI value.
Other attempts have been made at regional liquefaction mapping using
liquefaction severity parameters such as liquefaction severity index, LSI,
liquefaction risk index and other probability methods (Lee et al., 2003; Juang et
al., 2003; Sonmez, 2003; Sonmez and Gokceoglu, 2005).

5

1.2

Objective

Currently, liquefaction hazard maps are developed by incorporating subsurface
data and detailed geologic investigations with surficial geology. However, there
are many regions of the world where detailed geologic investigations are
unavailable and geotechnical data, usually restricted to site specific engineering
projects, are relatively expensive to obtain. In these countries, regional
liquefaction mapping is limited as it is solely dependent on the characteristics of
surficial geology units. Additionally, the current methods of liquefaction
assessment uses the surficial geology to classify surficial units into qualitative
susceptible categories that are not related to the probability of liquefaction
occurrences and are generally not a function of earthquake event specific
parameters. These methods are thus not conducive to liquefaction rapid response
mapping. There is therefore a need for developing liquefaction hazard mapping
methods based on broadly available geospatial data that can be used to assess the
probability of liquefaction occurrence. The geospatial data can be used to estimate
the geotechnical and geologic data necessary for evaluating the liquefaction
potential of soils. For example geomorphic data such as the surface roughness,
which is used to estimate terrain variability, and the ground slope, which is used
to predict Vs30 (the average shear-velocity down to 30 m) are geospatial data
calculated from a digital elevation model (DEM) which is globally available. The
use of such geospatial layers that estimate soil properties will allow for improved
liquefaction hazard mapping in regions of the world where regional hazard
assessment is limited. In addition, the inclusion of earthquake specific
6

characteristics allows for the model to be used in rapid response hazard maps like
ShakeMap which assesses the intensity and ground shaking following earthquake
events.
Previous work done by Knudsen and Bott (2011) investigated the
correlation between liquefaction occurrence and widely available geomorphic
data. Their results suggested that the occurrence of liquefaction depends on many
geospatial factors, such as elevation, slope, age, distance to water table and
depositional environment. Specifically, their results indicated that geologically
young, flat to gentle sloping deposits near water bodies are more likely to liquefy.
These results were based on a compilation of site specific data from liquefaction
case histories. Knudsen and Bolt’s geospatial model was limited by sampling
bias, where sites of liquefaction occurrences were over-sampled compared to the
true rate of liquefaction occurrence. In Knudsen and Bott’s database, liquefaction
was observed at 82% of sites. However, following the 1995 Kobe earthquake,
roughly 20% of the land within Kobe’s sedimentary basin liquefied. Therefore,
Knudsen and Bott’s database is not representative of observed spatial distribution
during earthquakes and can lead to misleading results.
Following the work by Knudsen and Bolt (2011), the primary goal of this
research is to develop a probabilistic regional geospatial liquefaction model using
globally available geologic variables. Data from the 1995 Hygo-ken Nanbu
earthquake in Kobe, Japan will be used. Kobe is located in a coastal sedimentary
basin. Coastal sedimentary basins are a geologic environment that is commonly
associated with severe liquefaction case studies (e.g. Christchurch, New Zealand).
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The city of Kobe is located on the southern side of the main island Honshū and is
the capital city of the Hyogo Prefecture. Kobe’s natural geology assisted in
making the city one of Japan’s most active port cities. It is bordered to the north
by the Rokko Mountains and to the south by a natural harbor. To accommodate
the growing population, granitic fill, excavated from the mountains (Elgamal et
al., 1996), was used to extend the mainland and construct two artificial islands.
The geologic units varied across the sedimentary basin, from the young fill lands
along the coast, to the alluvial and terrace deposits further inland, and bordered to
the north by the granitic mountains. On January 17, 1995, a magnitude 6.9
earthquake struck the city of Kobe resulting in widespread liquefaction and
significant damage to the port city’s infrastructure. The earthquake epicenter was
at a depth of 14km on a strike-slip fault along the Nojima fault and 25 km from
Kobe. Peak ground acceleration (PGA) was estimated to be up to 0.6g and
seismic intensity reached up to VII. Liquefaction was observed within the fill
lands and alluvial deposits, but was particularly densely distributed in the fill
islands (Hamada et el., 1995). The liquefaction occurrence and post earthquake
reconnaissance in Kobe was systematically documented, resulting in a dataset
representative of the frequency of liquefaction occurrences.
In developing and validating the geospatial liquefaction model, I will use the
following three steps: (1) Compile of a liquefaction database using broadly
available geospatial explanatory variables such as geologic age, distance to water
bodies, slope and elevation, in ArcGIS. (2) Develop the model using logistic
regression methods. (3) Validate the resulting model by testing the model in
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Christchurch, New Zealand, a similar but larger coastal sedimentary basin.
Christchurch is located along the east coast of the Southern Island in New
Zealand. The city is located along the coast of the Canterbury Plains, which were
initially swamp lands now used for agriculture because of the high water table and
fertile soil (Brown et al., 1995). In February 2011, a magnitude 6.3 earthquake
struck the city of Christchurch causing widespread liquefaction across the city.
The epicenter was located 6 km south-east of the city center and at a depth of
5.9km. The ability of the Kobe model to predict liquefaction occurrences of the
Christchurch earthquake is assessed using ROC curves. Zhu (2012) developed a
similar probabilistic geospatial liquefaction model for Christchurch which is
applied to Kobe and the generalizability of both models is compared here.
By developing a geospatial liquefaction model, rapid response liquefaction
hazard assessment methods can be improved and eventually combined with
ground motion and shaking intensity maps for a complete probabilistic assessment
of earthquake effects.
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1.3

Statistical Background

1.3.1 Logistic Regression
When assessing the liquefaction susceptibility, the likelihood of liquefaction
occurrence can be modeled as a binary response where 1=liquefaction occurred
and 0=liquefaction did not occur. For the case of a binary response variable, a
logistic regression is a useful regression modeling method. Logistic regression
methods are frequently used in the field of landslide susceptibility mapping
(Atkinson and Massari, 1998; Ohlmacher and Davis, 2003), since the binary
response, i.e. whether landslide will occur or not, is dependent on numerous
explanatory variables (e.g. slope, elevation and saturation). I will apply logistic
regression to develop equations for predicting the likelihood of liquefaction from
explanatory variables that can be estimated at a regional mapping scale.
Since the response variable can be described by a Bernoulli distribution,
the probability of occurrence must fall between 0 and 1, however, the range of
linear predictors can take on any value, not limited to the interval (0,1). For
example, in the linear probability model indicated in Equation 1 below, the
probability outcome on the left, p, is restricted to the range (0,1) but the sum of
the linear predictor variables on the right can take on any real number.
…

,

(1)

where x1, x2…xk are the geospatial predictor variables, the β0 is the intercept and
β1…βk are the logistic regression coefficients. This inconsistency in equation 1
can be addressed using a logic transformation. A logistic transformation is
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described in two steps (Harrell, 2001). The probabilities, pi, are transformed to
odds by the following equation to remove the (0,1) range restrictions.
odds

.

(2)

Odds are defined as the ratio of the probability that an event occurred to the
probability that an event did not occur. For example, if there is a probability of 0.9
that liquefaction will occur then the odds = 0.9/0.1 = 9. The resulting distribution
of the odds has a fixed minimum of 0, i.e., it must be positive, but have not fixed
maximum. If the odds are modeled by regression there exists a possibility that the
predicted odds maybe negative, which according to the odds equation above is
impossible. To eliminate the fixed minimum the natural logarithm of the odds,
called logit, is calculated. This is the second step of the logistic transformation.
logit

log

,

(3)

where ηi is the input function defined by the equation:
…

,

(4)

and where β0 is the intercept, β1,β2,…,βk are the regression coefficients of the
corresponding predictor variables and x1,x2i,…,xik are the independent predictor
variables.
Using the logit function, the fixed minimum and maximum values are
eliminated. As pi tends to zero, the odds approach zero and the logit approaches
negative infinity and as pi approaches 1, the odds approaches positive infinity and
the logit approaches positive infinity (Harrell, 2001; Ohlmacher and Davis, 2003).
The logistic distribution is indicated in figure 1.1. The logistic transformation
therefore takes the probabilities limited to the range (0,1) and removes the
11

minimum and maximum limits using the logit function, resulting in a range of
outcomes from negative to positive infinity. Therefore the logit of the
probabilities follows a linear model of predictor variables (Freund and Wilson,
1998).

Figure 1.1 The logistic transformation distribution.

It is important to note that the probabilities, the odds and the logit are three
methods of expressing the same information and are simply a transformation of
each other (Ohlmacher and Davis, 2003).
When modeling the liquefaction susceptibility, the probability of
occurrence (0,1) is of primary concern. The logistic equation above can be
rearranged to determine pi, the probability of liquefaction occurrence, by taking
the exponential of both sides of the equation.
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log

(5)

(6)

(7)

Unlike simple linear regression modeling, the parameters of the logistic
regression model must be estimated using the maximum likelihood method. This
is done by finding the value of the parameters β0, β1 … βk that maximizes the
likelihood function for the set of observation x1…xi (Ohlmacher and Davis, 2003).
The resulting parameters are the regression parameters most likely to be observed
and are used in the prediction model.

1.3.2 Model Assessment
Model validation is one of the most crucial steps in the statistical model
development process as it assesses that the regression model correctly represents
and reproduces the behavior of the system being modeled. Model validity
therefore refers to the overall performance of the model. In logistic regression
modeling, summary measures of goodness-of-fit analysis are the most commonly
used methods of model validation. Validation measures such as precision, recall
and overall accuracy in addition to ROC curve analysis measures such as area
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under the curve are useful measures for assessing and comparing the performance
of binary logistic regression models.
For validating a binary classification system, a decision threshold is
necessary to categorize predictions into four potential outcomes (Swets, 1988;
Bradley, 1997; Fawcett, 2006). In the context of liquefaction predictions the four
outcomes are: true positives (TP) are correctly classified liquefaction occurrences,
false negatives (FN) are incorrectly classified liquefaction occurrences, true
negative (TN) are correctly classified liquefaction non-occurrences and false
positives (FP) are incorrectly classified liquefaction non-occurrences. The four
outcomes are represented in a 2x2 confusion matrix or contingency table,
indicated in Figure 1.2, with predicted outcomes in rows and the observed
outcomes in columns. The sum of instance where liquefaction was correctly
predicted (TP) and incorrectly predicted (FP) is the total instances of liquefaction
occurrence (P). The sum of instance where liquefaction non occurrence was
correctly predicted (TN) and incorrectly predicted (FN) is the total instance of
liquefaction non-occurrence (N). Within the matrix, the diagonal categories (TP
and TN) are the correctly classified liquefaction occurrences while the cross
diagonal categories (FP and FN) represents the incorrectly classified liquefaction
occurrences.
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Predicted

Observed
Yes

No

Yes

TP

FP

No

FN

TN

P

N

Total

Overall Accuracy =

Precision =

FP Rate =

FP
N

=

FP
FP + TN

TP Rate =

TP
P

=

TP
TP + FN

TP + TN
P+N

TP
TP + FP

Recall =

TP
P

Figure 1.2 Confusion matrix and associated validation statistics metrics

The components of a confusion matrix are used to calculate useful model
validation statistics (Swets, 1988; Bradley, 1997; Obuchowski, 2005; Fawcett,
2006). The true positive rate (TPR) or sensitivity is the likelihood of obtaining a
correctly classified liquefaction outcome among all possible instance of
liquefaction occurrence and can be expressed as the ratio of correctly classified
positive predictions (TP) to the total positive predictions (P). The false positive
rate (FPR) is the probability of obtaining an incorrectly classified liquefaction
occurrence out of the sum of liquefaction non-occurrence and is expressed as the
ratio of incorrectly classified negative predictions (FP) to the total negative
predictions (N).
The overall accuracy (ACC) of the test is expressed as the ratio of the
sum of the correct predictions (TP and TN) to the sum of all observed outcomes
(P and N). The ACC addresses the probability of correctly classifying the overall
predictions. Recall and precision are additional validation statistics that can be
15

used to provide a complete evaluation of class performance and accuracy
(Bradley, 1997; Fawcett, 2006, Davis, 2006). Recall or true positive rate
addresses the accuracy of correctly classifying liquefaction with respect to the
total observed liquefaction occurrences. Precision or positive predictive value is
the proportion of positive prediction liquefaction instances that are correctly
classified.
Using these validation statistics, a probabilistic threshold to distinguish
between liquefaction occurrence and non-occurrence can be determined and the
performance of that threshold can be evaluated using ROC curves (Oommen et
al., 2010). The Receiver operating characteristic (ROC) curve is another useful
validation technique for assessing the classification performance. The ROC curve
plots the relationship between the true positive rate and the false positive rate by
varying the threshold from 0 to 1. Each point on the ROC curve corresponds to a
specific TRP and FPR calculated for a discrete threshold. Ideally, a perfect
prediction will have a false prediction rate of zero and a true prediction rate of
one. For example, if all instances where liquefaction occurrences and nonoccurrences were correctly classified (a perfect classification) using a previously
determined decision threshold, then the probability of incorrectly classifying a
liquefaction nonoccurrence out of the sum of all observed liquefaction nonoccurrences (FPR) is zero. Conversely, the probability of correctly classifying all
liquefaction occurrences out of the sum of all liquefaction occurrences (TPR) is
one. Therefore on a ROC curve the perfect classification is located at the point A
(0,1) in Figure 1.3a. There are several other points of interests on the ROC plot:
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point B (0,0) implies that for a discrete classifier no positive classifications were
made and point C (1,1) implies the opposite, that for a discrete classifier all
predications were labeled as positive classifications (Fawcett, 2005). Randomly
guessing the classification will fall along the 1:1 line from (0,0) to (1,1). These
points of interest divide the plot into regions that assess the performance of the
ROC curve. A curved plotted in the area below the 1:1 line suggests that the
performance is worse than randomly guessing the classifications. The region to
the left hand side, adjacent to the (0,0) point and above the 1:1 line, implies that
the performance is conservative and the region to the upper right, adjacent to the
(1,1) point implies a liberal performance (Figure 1.3a). Lowering or increasing a
threshold results in moving between a conservative and liberal area of the graph
(Fawcett, 2005).
Similarly a precision-recall curve can be used to assess a classification
performance. In the context of liquefaction mapping, precision is the proportion
of predicted liquefaction cases that were correctly classified and recall is the
fraction of observed liquefaction occurrences that are correctly predicted (Davis
and Goadrich, 2006). The PR curve is constructed by calculating the precision and
recall at a range of decision thresholds from 0 to 1. In Figure 1.3b the dashed line
illustrates the ideal PR curve where point A represents the best performance and
point B, the worst performance. Oommen et al. (2010) suggests that the overall
accuracy value and ROC curve can be misleading when using a class imbalanced
or sampling biased dataset. The PR curve is useful for assessing the validity of
these results.
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The area under the ROC curve (AUC) is also a useful technique to assess
the performance of a classifier (Swets, 1988; Centor, 1991; Swets, 2000). A
perfect classification has an AUC value of 1 and random guessing a classification
results in an AUC of 0.5. Therefore it is most desirable to select a classifier that
produces an area under the curve closer to 1, the perfect classification and further

1.0

1.0

away from 0.5, random performance.
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Figure 1.3 Components of the ROC and PR space
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Chapter 2
Liquefaction Hazard Proxies

2.1

The Kobe Database

Preliminary results by Knudsen and Bott (2011) indicated that the likelihood of
liquefaction occurrence can be estimated using globally available geospatial data.
Specifically, their results showed a strong correlation between liquefaction
occurrence and geologic attributes such as geologic age, depositional
environment, slope and distance to water bodies. Their investigation however was
limited by sampling bias, which was a result of an over-sampling of the locations
of liquefaction occurrences in comparison to locations of liquefaction nonoccurrence. To address the potential for a similar sampling bias, a
probabilistically representative dataset was used by creating an evenly spaced grid
across the Kobe region, therefore uniformly sampling locations of both
liquefaction occurrence and non-occurrence as shown in Figure 2.1. The
liquefaction observations are from the 1995 Hygo-ken Nanbu earthquake because
of the well documented post-earthquake mapping following the earthquake. The
magnitude 6.9 earthquake caused extensive damage to buildings and
infrastructure and widespread liquefaction.
A grid spacing of 100 m was used as it provided both an adequate
sampling extent and a well populated database (Figure 2.1). At each gridded point
19

both soil conditions and ground shaking explanatory variables were sampled and
the site classified as liquefied or non-liquefied. A gridded point is classified as
liquefiable if it falls within a mapped liquefied zone. A liquefied zone is defined
by an observed liquefaction feature and a 50m buffer zone.
The Kobe database is made up of 20,110 data entries, 12% of which were
observed to have liquefied. In addition, the database includes 12 predictive
variables. The variables can be separated into two groups: geology and ground
shaking variables. The geology explanatory variables, indicated in Figure 2.2 are:
elevation, slope, topographic index, distance to nearest water body, distance to
river, distance to coast and normalized distance and the ground shaking variables
(Figure 2.3) are: distance to fault, peak ground acceleration (PGA), seismic
intensity and Vs30. Details about the methodology and calculation of each
explanatory variable are explained in the following section (2.2 Liquefaction
hazard proxies).
The box-plots in Figure 2.4 present the comparison between the predictor
variables for liquefied and non liquefied sites. For each variable, a significant
difference in the median and distribution of the box-plots between liquefied and
non-liquefied sites suggests that the variable will have a significant influence on
determining the likely occurrence of liquefaction. For example, in Figure 2.4 the
notable difference in the normalized distance between liquefaction and nonliquefaction occurrences suggests that sand boil occurrences are limited to smaller
normalized distance and sand boil non-occurrences are associated with higher
normalized distance. Alternatively, the box-plots illustrating the variability in the
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distance to rivers shows no difference from liquefied to non-liquefied sites,
suggesting that the occurrence of sand boils is not affected by the distance to the
rivers. The variables with a significant difference between liquefied and nonliquefied sites are likely to be more relevant to the liquefaction model since they
possess a larger explanatory power. The variables that shows the most significant
difference between liquefaction and non-liquefaction occurrences are the distance
to the nearest water body, distance to coast, normalized distance, Vs30 and PGA
calculated using the Boore and Atkinson (2008) GMPE. The slope, elevation and
distance to fault also show some difference between liquefaction occurrence and
non-occurrence.

Figure 2.1 Spatial extent of the Kobe study area and extent of sand boil liquefaction
features. Geospatial and response variables are sampled at gridded points in closeup view.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

Figure 2.2 Maps of the geologic explanatory variables. Maps a-b indicates the slope and
elevation. Maps c-g are related to the saturation, they are: topographic index,
distance to nearest water body, distance to coast, distance to river and normalized
distance.
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(a)

(b)

(c)

(d)

(e)

Figure 2.3 Ground shaking explanatory variables. Map a-b are the PGA from the 1995
and 2001 earthquakes. Maps c-d are the PGA and intensity obtained from
ShakeMap for the 1995 earthquake and Map e is the Vs30 estimations
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Figure 2.4 Box plots comparing the variability of each predictive variable between liquefied and non-liquefied sites

2.2

Liquefaction Hazard Proxies

Liquefaction occurs when saturated, unconsolidated soils are subjected to rapid
earthquake loading resulting in an increase in pore pressures and subsequent
decrease in soil strength (Idriss and Boulanger, 2008). By definition, rocky,
consolidated or dry soils subject to earthquake loading are less susceptible to
liquefaction and can be considered non-liquefiable in hazard assessments. In
liquefaction hazard mapping, the above described soil and ground shaking
characteristics must be evaluated. These characteristics can be grouped in the
following four categories: rock versus sediments, grounding shaking, saturation
and sediment age. Typically the soil moisture content and sediment age are
determined from geotechnical soil testing. Therefore globally available geospatial
data are limited for some of these properties and proxies are identified to estimate
these characteristics. Table 2.1 summarizes the proxies which were chosen
because of their availability and ease in calculations. The use of proxies is in
agreement with the work done by Knudsen and Bott (2011) who used proxies
such as distance to nearest water body to estimate the depth to the water table.

Table 2.1 Liquefaction hazard proxy groups
Rock vs Sediment

Ground Shaking

Saturation

Sediment age

Roughness Index

PGA: GMPEs

Distance to Coast

Distance to Coast

Surface Ratio

PGA: SHAKE Map

Normalized Distance

Normalized Distance

Slope

Intensity: Shake Map

Topographic Index
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2.2.1 Rock versus Sediment
Liquefaction is typically restricted to specific areas determined by the underlying
geology. Rocky or mountainous regions are unlikely to liquefy and can therefore
be assigned a zero probability of liquefaction. Higher, steeper and rougher
surfaces are characteristic of rock or stiff soils. Therefore, rock versus sediment
sites can be differentiated using geospatial layers such as the elevation, slope and
roughness.
The Roughness Index (RI), Surface Ratio (SR) and Slope were calculated
in ArcGIS from the digital elevation model (DEM). These proxies were selected
because of the ease of computation, the available ArcGIS execution tools and
overall popularity. The DEM used was obtained from the Advanced Spaceborne
Thermal Emission and Reflection Radiometer (ASTER) Global Digital Elevation
Model Version 2 (GDEM V2) released in October 2011. The GDEM V2 is a
globally available DEM with 1 arc-sec or 30m resolution.
The Roughness Index (RI) or Topographic Ruggedness Index (TRI) was
developed by Riley et al. (1999) to evaluate topographic heterogeneity derived
from a digital elevation model (DEM). The TRI is defined as the sum of the
difference in elevation between adjacent cells of a digital elevation model. The
difference between a center cell and its eight adjacent cells is calculated as
illustrated in Figure 2.5. The difference between each of the eight surrounding
cells are squared and averaged. The TRI is the square root of the average. Figure
2.5 summarizes the TRI values proposed by Riley et al. (1999). Evans (2011)
developed the ArcGIS toolbox Geomorphometry and Gradient Metrics containing
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the roughness index toolbox and numerous other surface analysis tools. The
surface roughness was calculated using this toolbox which uses the Riley at al.
(1999) TRI computation described above.

TRI = [Σ(xij – x00)2]1/2

Index

Classification

1

Level surface

2

Nearly level surface

3

Slightly rugged surface

4

Intermediately rugged surface

5

Moderately rugged surface

6

Highly rugged surface

7

Extremely rugged surface

Figure 2.5 Calculating the roughness index using the methods by Riley et al. (1999).

The Surface Ratio (SR) developed by Jenness (2004) is expressed as the ratio of
the surface area to the planimetric area of a region. The planimetric area is
defined as the planar surface area of the region while the surface area is calculated
using the elevation information from a DEM. Similar to Riley et al. (1999)
method, the elevation difference of the 8 adjacent cells is calculated with respect
to a center cell, however this difference is calculated from the three dimensional
central points of each cell (Figure 2.6a). The surface length form triangles as
indicated as triangles i-viii in Figure 2.6a which must be trimmed to the
boundaries of the central cell by dividing the lengths by 2. The trimmed triangles
are indicated in Figure 2.6b. The areas of the 8 triangular surfaces, labeled i
through vii in Figure 2.6b, are summed to produce the surface area value. Finally,
the surface ratio is calculated by dividing the surface area by the planimetric area.
The value of the surface ratio can vary from 1 to infinity but generally never
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exceed 3. Jenness released a surface analysis ArcGIS toolbox called DEM Surface
Tools, which provides a simple interface for calculating the surface ratio.

Figure 2.6 Illustrating the methods involved in calculating the surface ration (Jenness,
2004)

Calculating the Slope from the DEM in ArcGIS is one of the simplest and
frequently used spatial analyst calculations. The slope is calculated by observing
the maximum rate of change in elevation between adjacent cells. Generally,
higher slope areas are characteristic of rugged or rock surfaces and lower slope
associated with depositional environments. The variability in slope in Kobe was
mapped earlier in Figure 2.2a.
The overall accuracy and ROC curves were calculated to compare the
performance of the three proxies and determine the threshold value separating
rock from sediment for each proxy. I used the surficial geology obtained from the
“Active Fault Map in Urban Area” published by the Geographical Survey
Institute of Japan, to classify each gridded point as rock, if the grid point was
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located in the rock formations or sediment, if the grid point was located within the
fill, alluvial and terrace deposits. The Roughness Index, Surface Ratio and Slope
values were also sampled at each gridded point. The ability of the proxies at
classifying rock versus sediment locations were compared using the ROC curves
in Figure 2.7. The ROC curves indicate that all three proxies have good predictive
performances. The AUC for both the RI and SR is 0.91 and the AUC for the slope
is 0.97 suggesting that the slope has a better predictive capability than the other
two proxies. Using the overall accuracy curves, the optimal threshold, or
threshold of maximum accuracy of distinguishing between rock and sediment can
be determined. For the RI, SR and slope the optimal thresholds were 2.20, 1.03
and 8.72 degrees respectively.

Figure 2.7 ROC and overall accuracy curves comparing rock versus sediment proxies.
The probability threshold versus overall accuracy indicates the range of thresholds
for separating rock versus sediment.
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2.2.2 Ground Shaking
The level and strength of ground shaking are important earthquake parameters
when evaluating the site specific investigation of liquefaction potential. The peak
ground acceleration (PGA) and intensity are easily accessible and frequently
calculated proxies that can be used to estimate the level of ground shaking in a
region. The United States Geologic Survey (USGS) Earthquake Hazard Program
produces maps of the estimated earthquake ground motion and shaking intensity
following significant earthquakes known as ShakeMaps. Data such as the peak
ground acceleration, peak ground velocity and estimated intensity can be
downloaded for target earthquakes. Maps of the PGA and intensity obtained from
ShakeMap for the 1995 earthquake event are illustrated in Figure 2.3c and d
respectively.
Alternatively, ground motion prediction equations (GMPEs) are used to
calculate the PGA. GMPEs estimate the ground motion at a site as a function of
earthquake source and site characteristics such as earthquake magnitude and
distance to the source. In 2008, the Next Generation Attenuation of Ground
Motions project (NGA) released five new GMPEs that are used to predict ground
motions for shallow crustal earthquakes in active tectonic areas. These GMPEs
vary in complexity and functional form and work done by Kaklamanos and Baise
(2011) indicate that the increase in accuracy is not improved with model
complexity. The Boore and Atkinson (2008) GMPE is relatively simple to apply
and was consequently chosen as an effective model of predicting the ground
motions in Kobe. The Boore and Atkinson model is dependent on the moment
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magnitude, style of faulting, horizontal distance from the site to the surface
projection of the fault and Vs30 which is the time-averaged shear wave velocity
over the top 30 meters of the subsurface. The Zeng and Anderson (2000) finite
fault model obtained from the Martin Mai’s Finite Source Rupture Model
Database was used in addition to the Vs30 data were obtained from the USGS
Global Vs30 Map Server.
The map of the peak ground acceleration calculated using the Boore and
Atkinson (2008) GMPE illustrated in Figure 2.3a shows that for the 1995 event
the PGA was higher in the mountains and decreased with increasing distance from
the mountains to the coast. A logistic regression model using only the PGA values
as the predictive variable showed that increasing PGA values caused a decrease in
the probability of liquefaction. This relationship between the probability and PGA
is very specific to the particular geometry of this event and the geology of Kobe.
The trend is the opposite of the expected correlation between the two variables
since the probability of liquefaction is expected to increase with increasing PGA.
To address this disparity and develop a more generalized model, I
included an additional earthquake event in the database. Since the 1995 event had
PGA values ranging from 0.6g in the mountains to 0.19g in the fill where
liquefaction was observed, a second event was chosen where no liquefaction was
observed and the PGA ranged from 0.005g to 0.013g. The combination of both
earthquakes offers a range of ground motions from accelerations of 0.005g to
0.6g, where no liquefaction was observed at the lower PGA values. The first event
is the magnitude 6.9 1995 Kobe earthquake which resulted in widespread
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liquefaction. The second event is a magnitude 5.2 earthquake which occurred in
2001. The epicenter was at a depth of 8km and about 100km away from Kobe
City. The maximum estimated ground shaking was 0.013g. The mapped PGAs are
illustrated in Figure 2.3b. No liquefaction occurred in response to this earthquake.
Accurate earthquake ground motion data is unavailable to validate each
ground shaking proxy. Therefore ROC analysis was used to compare the three
earthquake proxies and validate the performance of each proxy at predicting
liquefaction occurrence and non-occurrence from the 1995 earthquake event.
Three logistic regression models based on each ground motion proxy were
developed and the resulting ROC curve plotted in Figure 2.8. The AUC for the
PGA calculated from the GMPE is 0.76, while the AUC for the PGA and intensity
from the ShakeMaps is 0.68 and 0.70 respectively, suggesting that the PGA from
the GMPE is a better predictor than the other proxies. It is important to note
however, that the data resolution of the ShakeMaps was significantly coarser than
the scale of the liquefaction data. This inconsistency may be responsibility for the
poor performance of the ShakeMaps since at a larger scale, the small variability in
the PGA and intensity could not be capture.
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Figure 2.8 ROC curves comparing the performance of the three ground shaking proxies
for the 1995 Kobe, Japan earthquake.

2.2.3 Soil Saturation
Liquefaction occurs when pore water pressures in the soil increase as the soil
grains contract thus the soil must be saturated to liquefy. Typically, in site specific
studies, the depth to the water table is determined from geotechnical soil logs. In
regional liquefaction mapping, accounting for the degree of soil saturation is
difficult. It is therefore necessary to develop a proxy that can effectively estimate
the soil saturation. I considered four candidate proxies for estimating saturation.
They include: the distance to the nearest water body, the distance to the coast, a
normalized distance parameter and the topographic index.
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The distance to the nearest water body and distance to the coast were
calculated in ArcGis by computing the shortest distance between the desired grid
point and the closest water body or the coast. Water bodies included the ocean,
rivers and stream and can easily be digitized in ArcGis from aerial photographs
and historic maps of the region. The shoreline and river data for Kobe were
derived from historic maps of the region. Maps of the distance to the nearest
water body and distance to the coast are presented in Figures 2.2d-e. The
assumption is that the occurrence of a surface water feature suggests a high water
table, implying that locations closer to these features are more susceptible to
liquefaction. The box plots in Figure 2.4 indicate that the distance to coast has a
higher explanatory power than that of the distance to water bodies
Zhu (2012) defined the normalized distance as the ratio of the distance to
the coast to the sum of the distance to the coast and the distance to the mountains.
As indicated in Figure 2.9, the normalized distance ranges in value from 0 to 1, 0
for locations closer to the coast and 1 for distances closer to the mountains. The
normalized distance accounts not only accounts for the distance to the coast, but
also the size and shape of the sedimentary basin.
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Figure 2.9 Calculating the normalized distance

The terrain can be used to estimate the movement of water across the
surface (Moore et al., 1991, Gessler et al., 1995). Valley bottoms tend to have
higher saturation rates than mountain ridges. The topographic index (TI) is
frequently used in the field of hydrology to assess the water content of the soil
(Beven and Kirby, 1979; Beven, 2001). It is defined as the natural log of the
catchment area, a, divided by the tangent of the slope, β

where the catchment area is computed based on the down slope flow direction
(Beven, 2001). Higher values of the TI are associated with flat areas where the
flow accumulation is high and the slope is low and the TI values are lower along
steeper slopes where the catchment area is lower. The topographic index was
calculated from the DEM in ArcGIS using the Geomorphometry and Gradient
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Metrics Toolbox and the resulting TI raster values for Kobe in shown in Figure
2.2c.
As with the ground motion data, I do not have a dataset of direct
observations of saturation to assess the accuracy of these alternative proxies. Thus
I assessed the performance of the saturation proxies at predicting liquefaction
occurrence and non-occurrence with a logistic regression model where each
saturation proxy is the single predictive variable. The ROC curves of the three
regression models are presented in Figure 2.10. The ROC curves show that the
normalized distance and distance to the coast have a similar predictive
performance and are significantly better at classifying liquefied and non-liquefied
sites than the topographic index. The unsatisfactory performance of the
topographic index can be deemed to be a result of the geology and fill history of
Kobe. The topographic index is determined by the flow paths into a catchment
derived from the DEM (Beven, 2001). In Kobe, the liquefaction occurred
primarily in the fill lands where the calculation of flow paths and the catchment
area are skewed. Additionally, the high resolution (30m) DEM used in the
calculation of the TI could not account for the large-scale, regional saturation
patterns across the region.
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Figure 2.10 Comparing the predictive performance of the saturation proxies using ROC
curves.

2.2.4 Sediment Age
Shallow, loose, saturated and relatively young soils subjected to earthquake
loading are more susceptible to liquefaction. Older soils are primarily less
susceptible to liquefaction because older soils are associated with denser or
partially cemented soils. The variability in sediment age is associated with the
surficial geology. Proxies such as the distance to the coast and normalized
distance are useful proxies for age in coastal geologic environments such as Kobe
since the age of the sediments within the basin varies sequentially from the coast
to the mountains. The normalized distance not only estimates the distance to the
coast and the size of the sedimentary basin but it also accounts for the surficial
geology and subsequently the geologic age. In Kobe, the geology varies from fill
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land (including fill islands) to alluvial deposits to terrace deposits to rock from the
coast to the mountains. According to Figure 2.11 fill areas have a normalized
distance of 0 while the terrace deposits have a ratio of closer to 1. Thus, an
increase in the normalized distance from 0 to 1 is related to an increase in
sediment age. The liquefaction in Kobe occurred primarily along the coast and in
the geologically young fill areas, therefore estimating the sediment age is an
important role in predicting liquefaction in this region.

Figure 2.11 Comparing the normalized distance to the geology of Kobe.
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Chapter 3
Kobe Model Development

In developing the geospatial liquefaction model, all four liquefaction hazard
proxy groups are now considered together. The rock versus sediment proxy is first
used to separate the sediment sites and assign a zero probability of liquefaction to
rock sites. All model fitting calculations are carried out using the statistical
program R (R Development Core Team, 2011). The logistic model fitting is done
in a step-wise manner. All variables are individually added to the model in a stepwise fashion however, only the variables that are statistically significant at a pvalue < 0.05 are retained in the model. In addition to the significance, the
correlation between the model variables is determined. If variables are determined
to be highly correlated the less significant variable is dropped. Once a variable is
determined to be statistically significant and uncorrelated, the next variable is
added and its significance level and correlation determined until no other
significant variables can be added.
The first term added to the model is the PGA term calculated using the
Boore and Atkinson (2008) GMPE. The Vs30 was also observed to have good
explanatory power but since Vs30 is included in the calculation of the PGA, it is
excluded from the model to avoid multicollinearity. The elevation was also
determined to be a significant variable and added to the model. The normalized
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distance and distance to coast were both observed to have good explanatory
power and were determined to be statistically significant. However, since both
variables are correlated, the distance to the coast variable is dropped and the
normalized distance retained in the model. No further variables significant at the
95% confidence interval could be added. The resulting model is a four parameter
regression model including the intercept, PGA, elevation and normalized distance.
Since the distance to the coast was also statistically significant, a second model
was developed using the PGA, slope and distance to coast. The performances of
both models were compared to determine which model had a better predictive
performance.

3.1

Kobe Model 1

In this model the slope is used to separate rock from sediments. The PGA
accounts for ground shaking and the normalized distance accounts for both
saturation and sediment age. The coefficients of the model are indicated in Table
3.1 and the functional form of the regression model is:
log

where

.

(8)

Figure 2.4 shows that the PGA and elevation have right-skewed or log normal
distributions. To account for this, the logarithms of the variables were used in the
regression. Though the logarithm of the elevation did not improve the significance
of the variable, the logarithm of the PGA significantly improved the statistical
significance.
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The predicted liquefaction susceptibility probabilities, given the PGA,
elevation and normalized distance measure are interpolated in ArcGIS to produce
the liquefaction probability map presented in Figure 3.1. Each grid cell of the map
indicates the probability of liquefaction given the variability of the input
explanatory variables. The probabilities are divided into five interval ranges:
>50%, 25-50%, 10-25%, 1-10% and < 1%. The >50% and 25-50% intervals are
located primarily within the fill lands where the elevation is lowest and the
normalized distance is closets to 0. Areas within the lowest probability interval,
<1%, are characteristic of non-liquefiable soils, such as rock at high elevations
and low levels of saturation.
A visual comparison between the observed liquefaction indicated by the
hatched red polygons and probability contours suggests that there is a good
agreement between dense clusters of liquefaction and areas of high probability of
liquefaction. Thus, the liquefaction probability contours shown in Figure 3.2
implies that the model accurately identifies liquefied sites. A probability of
greater than 0.25 separates the densely clustered liquefaction features from
locations of sparse liquefaction features. Areas of high probability outside of the
observed liquefaction features show the ability of the model to predict high
liquefaction susceptible areas. Table 3.2 shows the percentage of observed
liquefaction features within each predicted probability range. Within the land
enclosed by a probability range of greater than 0.25, roughly 60 percent of the
liquefaction was observed. The 0.10 – 0.25 probability contours enclose about
16% of the liquefaction features across the land within that interval. Therefore the
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probabilities can be used to estimate the percentage of the spatial extent of
liquefaction features. These results suggest that the model is consistent and
appropriately identifies liquefaction.
The ROC curves in Figure 3.2 show the stepped development of Model 1.
The 1-parameter model uses PGA; the 2-parameter model uses PGA and
elevation; and the 3-parameter model uses PGA, elevation and normalized
distance. The three parameter model approached the perfect classification
performance suggesting a good predictive performance. The model based solely
on the PGA variable has a moderate predictive capability, however, the addition
of both the PGA and the normalize distance significantly improves the
predictability of the model.
Figure 3.3 presents a sensitivity analysis of the model and allows us to
examine the parameter space of the model. The model sensitivity analysis
describes how the variability in the model inputs affects the output of the model.
By holding two parameters constant, the relationship between the third parameter
and probability is observed. The gray hatched region in the plots indicate the
distribution of the sample data. In Figure 3.3a, the elevation is held constant at
0m, 20m and 40m and the variability of the PGA with probability is observed at
an interval of normalize distances from 0 to 1. The plots indicate that as the PGA
increases, the probability of liquefaction also increases and as elevation increases
larger PGA are necessary to initiate liquefaction. The probabilities at a normalized
distance of 0 (sites closer to the coast) are higher than at normalized distances of 1
and the constant slope indicates a constant rate of change. The constant slope
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within and outside of the sample data region illustrates that the model extrapolates
well outside of the sample data. Similarly, Figure 3.3b shows that at a given
elevation and PGA, the probability decreases with an increase in the normalized
distance. Finally, Figure 3.3c shows that the probability decreases with an
increase in elevation for a given PGA and at a constant rate across varying
normalized distances. In summary, Figures 3.3a-c serves as a consistency check
and shows that within the model, each variable is correctly contributing to the
output probability. Each plot serves as a snapshot of the model at a specific
instance and indicates the influences of each parameter on the predicted
probabilities.

Table 3.1 Model coefficients
Model 1

Model 2

Parameter

Coefficient

P-value

Z-value

Parameter

Coefficient

P-value

Intercept

3.13

< 2e-16

32.68

Intercept

3.04

< 2e-16

35.17

Log(PGA)

1.69

< 2e-16

26.65

Log(PGA)

1.47

< 2e-16

30.96

Normalized Distance

-6.6

< 2e-16

-19.28

Distance to Coast

-2.90E-03

< 2e-16

-30.47

Elevation

-0.11

< 5.4e-14

-7.52

Slope

-0.64

< 2e-16

-12.88
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Z-value

Figure 3.1 Model 1 probability contours with spatial extent of liquefaction features.
Probabilities are divided into five contour intervals.

Figure 3.2 ROC curves showing the stepped performance of Model 1 variables.
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Figure 3.3 Model 1 sensitivity analysis. One variable is held constant and the relationship
between the other two variables and the response probability is observed. The gray
hatched region indicates the distribution of the sample data.
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3.2

Kobe Model 2

The predictive variables included in Model 2 are PGA, distance to coast and
slope. Similarly to Model 1, the ground shaking proxy included is PGA, however,
the distance to coast variable is used as the proxy for saturation and sediment age.
The roughness index is used to separate sediment from rock sites. The summary
of the coefficients are indicated in Table 3.1 and the functional form of the
regression model is:
log

where

(9)

The resulting liquefaction hazard map is presented in Figure 3.4. A visual
comparison between the observed liquefaction features and the probability
contours suggests that like Model 1, this model also correctly identifies
liquefaction occurrences. Again the contours were divided into five intervals.
Areas in the >50% interval were primarily within the fill unit and areas in the
<1% probability interval were primarily rock or high slope regions. Table 3.2
indicates that within the land enclosed by the probability range of greater than
0.25, 57% of the land liquefaction. Further, the probability range of 0.10-0.25
encloses 17% of liquefaction observed across the land within that interval. These
results suggest that similar to Model 1, the probabilities in Model 2 can be used to
estimate the percentage liquefaction surface expression.
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Table 3.2 Percentage of liquefaction occurring within each contour

Logistic Regression Probability Range
(%)
> 25
10 - 25
1 - 10
<1

Observed Percentage of Liquefaction
Model 1
Model 2
59.2
56.9
15.7
17.2
7.95
5.96
0.26
0.11

The tiered model development and predictive performance of the model
variables are evaluated using the ROC curves in Figure 3.5. The 1-parameter
model uses PGA; the 2-parameter model uses PGA and slope; and the 3parameter model uses PGA, slope and distance the coast. The addition of the
slope variable to the PGA variable significantly improves the predictive capability
of the model, and the addition of the distance to coast variable results in a
subsequent improvement of the model. The ROC curve of the final three
parameter model suggests a good liquefaction prediction performance.
Model 2 sensitivity analysis presented in Figure 3.6 shows the relationship
between the variability in the model variable inputs and the output liquefaction
probabilities. In Figure 3.6a indicates that the probability of liquefaction increases
with increasing PGA and distance to the coast at a given slope. However, as the
slope increases, a significantly larger PGA is needed to induce liquefaction.
Figure 3.6b shows that at a given slope, sites closer to the coast have a higher
probability of liquefaction and the probability increases with increasing PGA.
Finally, the probability of liquefaction decreases as the slope increases (Figure
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3.6c). These results are in agreement with the properties governing the
relationship between each variable and the probability of liquefaction.

Figure 3.4 Model 2 probability contours mapped with the observed liquefaction features.

Figure 3.5 ROC curves showing the stepped performance of Model 2 variables
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Figure 3.6 Model 2 sensitivity analysis. One variable is held constant and the relationship
between the other two variables and the response probability is observed. The gray
hatched region indicates the distribution of the sample data.
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3.3

Model Assessment

The predictive performances of both models were analyzed and compared using
ROC and PR curves. Figure 3.7a shows that both models have similar predictive
capacities, Model 1 however, has a slightly better performance than Model 2. The
AUC for Model 1 is 0.97 and 0.93 for Model 2 suggesting that Model 1 has an
improved performance. In addition, the PR curves in Figure 3.7b show that Model
1 also has a better performance compared to Model 2. The precision reported in
Table 3.3 and the subsequent PR curve have relatively low values. Precision is
defined as the ratio of the TP to the total positive predictions (TP and FP). Though
the precision is lower, suggesting that non-liquefied sites are being classified as
liquefied, the recall is high, suggesting that all liquefied sites are correctly being
classified.
The decision between a liberal or more conservative threshold is
influenced by the purpose of the resulting hazard map. Table 3.3 presents the
performance of the models at specific thresholds. For Model 1, a higher threshold
of 0.4 results in a lower FPR, higher precision and overall accuracy but a lower
recall. A more liberal threshold of 0.2 or lower, results in a higher Recall but
lower precision. The trade-off between recall and precision should be determined
by an assessment of the significance of the liquefaction mapping. In general, at
the indicated thresholds, Model 1 has a higher overall accuracy, precision and
recall indicating that Model 1 has a higher predictive capability.
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Figure 3.7 ROC curves comparing the predictive performance of Model 1 and 2

Table 3.3 Model validation statistics

False
Optimal
Positive
Threshold
Rate
Model 1

Model 2

0.4
0.3
0.2
0.4
0.3
0.2

0.07
0.08
0.09
0.06
0.08
0.1

Recall
(TPR)

Precision

0.91
0.92
0.95
0.79
0.87
0.91

0.64
0.61
0.58
0.61
0.58
0.55
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Overall
AUC
Accuracy
0.93
0.92
0.91
0.92
0.91
0.9

0.97

0.93

Chapter 4
Model Generalization

In model development it is important not only to assess the goodness-of-fit of the
model but also the model generalizability. Generalizability refers to how well the
model fits both the observed data and a new dataset generated by the same
governing principles. To assess the generalizability of the Kobe models, the
models were applied to Christchurch, New Zealand in a blind test of model
performance. Additionally, Zhu (2012) developed similar probabilistic geospatial
liquefaction models for Christchurch which were applied to Kobe. These tests are
both regarded as blind tests because the observations used to compute the
goodness-of-fit were not used for the model development. The performances of
the models were compared to determine how well each model can be generalized
to other coastal sedimentary basins.
Unlike Kobe, the liquefaction features in Christchurch were not limited to
the fill lands and parallel to the coast. Instead the liquefaction was primarily
confined by the geologic age of the natural deposits and the water table.
Liquefaction features were observed in Christchurch at distances greater than 10
km inland (Figure 4.1). In Kobe, the elevation and slope were useful predictors of
liquefaction occurrences since liquefaction was confined to low elevation and flat
to gently sloping lands. In comparison, the liquefaction observed in Christchurch
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was clustered within younger geologic units and not across the entire low
elevation or low slope areas. Liquefaction was clustered around the volcanic
mountains, located along the coast and south of the city, at a relatively higher
elevation and slope than the lands adjacent to the coast. Therefore, the application
of the Kobe models to Christchurch is a test of the predictive power of the
models.

Figure 4.1 Zhu (2012) map of the observed liquefaction in Christchurch New Zealand as
a result of the magnitude 6.3 earthquake in 2011.

4.1

Kobe Models in Christchurch

Figure 4.2 shows the performance of both Kobe Model 1 and Model 2 in
Christchurch. The solid lines indicate the performance of Model 1 and the dashed
line curves indicate the performance of Model 2. The blue and orange curves
show the models assessed in Kobe and Christchurch respectively. The ROC
curves suggest that both models have a similar but poor performance at predicting
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liquefaction occurrence in Christchurch. The elevation and slope coefficients in
Model 1 and Model 2 respectively, are significant predictive parameters in Kobe
as they accounted for the extent of the liquefaction features however, they do not
significantly separate liquefied areas from non-liquefied areas in Christchurch.
The saturation in Kobe was accounted for using the normalized distance
and distance to coast in Models 1 and 2 respectively which assumes that the level
of saturation decreases with increasing distance from the coast. Additionally, both
the normalized distance and the distance to the coast were also used as proxies for
sediment age, however, the sediment age in Christchurch does not vary as linearly
with distance from the coast as it does in Kobe. These inconsistencies account for
the poor performance of the Kobe models in Christchurch and are an indication of
the limited generalizability of the Kobe models.

Figure 4.2 ROC Curves comparing the performances of the Kobe models in Christchurch.
The first term in the legend label indicates the model used and the second term
indicates the place the model was assessed.
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4.2

Christchurch Models in Kobe

Previous work done by Zhu (2012) suggested that liquefaction occurrence in
Christchurch can be predicted based on the parameters topographic index, PGA
and normalized distance or distance to coast. Two 4-parameter logistic regression
models were developed in Christchurch using the previously stated parameters.
The coefficients are indicated in Table 4.1. Similar to the Kobe models, the PGA
and normalized distance or distance to coast are the most significant variables in
determining the probability of liquefaction occurrence. However, in both
Christchurch models the topographic index is also included. In Christchurch, the
topographic index is a better proxy for saturation and sediment age because the
geology is not as linear as in Kobe.
Table 4.1 Coefficients of the Christchurch Models
Model 1

Parameter
Intercept
TI
Ln(PGA)
Distance to Coast

Coefficient
1.433
0.0505
2.688
-1.42E-04

Model 2

P-va lue
< 2e-16
< 2e-16
< 2e-16
< 2e-16

Pa rameter
Intercept
TI
Ln(PGA)
Normalized Distance

Coefficient
1.57
0.0354
2.53
-5.31

P-value
< 2e-16
< 2e-16
< 2e-16
< 2e-16

Figure 4.3 shows the performance of the Christchurch models in Kobe. The black
curve shows the performance of the Christchurch Model 2 in Christchurch, the
blue and orange curves show the performance of Christchurch Model 1 and 2 in
Kobe. The inclusion of the normalized distance in the model (Model 2), versus
the distance to the coast (Model 1), significantly increases the performance of the
models. It is interesting to note that the model performs better in Kobe than it
does in Christchurch which may be a result of the simpler geology in Kobe
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compared to Christchurch. The coefficients of the Christchurch Model 2 and a
regression model using the same three predictive variables in Kobe are indicated
in Table 4.2. Though the topographic index is not statistically significant using the
Kobe dataset, the Christchurch model performs well in Kobe as a result of the
significant roles of the normalized distances and PGA in determining the outcome
probabilities.

Figure 4.3 ROC curves comparing the performance of the two Christchurch models in
Kobe.

Figure 4.4 compares the three models in Kobe: Kobe Model 1, Kobe Model 2 and
Christchurch Model 2. All three models have a similar predictive performance.
Though the TI variable is statistically insignificant in Kobe as shown in Table 4.2,
the Christchurch model still performs as well as Kobe Model 1, suggesting that
both the normalized distance and PGA have significant explanatory power when
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predicting liquefaction occurrences in Kobe. Therefore, both the PGA and
normalized distance are good predictive variables for a generalizable model.
Table 4.2 Comparing the coefficients Christchurch Model 2 and model developed in
Kobe using same predictive variables
Parameter
Intercept
TI
Ln(PGA)
Normalized Distance

Christchurch
Coefficient
P-value
1.57
< 2e-16
0.0354
< 2e-16
2.53
< 2e-16
-5.31
< 2e-16

Kobe
Coefficient
3.08
0.0067
1.71
-8.99

P-value
< 2e-16
0.738
< 2e-16
< 2e-16

.
Figure 4.4 ROC curves comparing the performance of Kobe Model 1 and 2 and
Christchurch Model 2 in Kobe

The probability contours of the Christchurch Model 2 in Kobe are indicated in
Figure 4.5. Though the model correctly identifies the locations of liquefaction, the
probabilities compared to the Kobe Models 1 and 2 are lower. A visual
comparison between observed liquefaction and the probability contours indicates
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that the majority of liquefaction features are located at probability contours
greater than 10%. Table 4.3 presents the percentages of observed liquefaction
within each probability range and compares the percentages to the Kobe Model 1
results. For both Christchurch Model 2 and Kobe Model 1 roughly 59% of
liquefaction features were observed in the region enclosed within the greater than
25% probability range. However, in comparison to the Kobe model, the spatial
extent of the greater than 25% probability range from the Christchurch model is
significantly smaller. Additionally, since the majority of the liquefaction features
are focused in the 10-25% probability range, the observed percentage of
liquefaction within that range was 55% compared to the 16% from the Kobe
Model. These results suggests that while a liquefaction threshold of 0.25 can be
used to separate liquefaction occurrence and nonoccurrence using the Kobe
model, a lower threshold, for example a threshold of 0.10 is necessary using the
Christchurch model.
Though the Christchurch model is determined to be more generalizable,
work can be done to improve the performance of the Kobe model. The primary
limitation of the Kobe models is the unavailability of a reliable estimate for
saturation. In Kobe, the saturation can be estimated with the normalized distance
or distance to coast proxies, however, because Christchurch is located along the
Canterbury Plains, the saturation is not solely dependent on a distance to coast
measure. Therefore, developing a reliable proxy for estimating the saturation will
improve the generalization of the model. Additionally, a revision to the method in
which the geology is accounted for in the model can also improve the model. The

58

poor predictive performance of the Kobe models in Christchurch can be related to
the more complex geology in Christchurch compared to Kobe. The topographic
index was used to account for the more complex geologic setting in Christchurch
however, the topographic index was not significant in Kobe. The development of
a more robust method of accounting for the geology could improve the ability of
the Kobe model to accurately predict liquefaction elsewhere.

Figure 4.5 Liquefaction probability contours in Kobe using Christchurch Model 2

Table 4.3 Percentage of liquefaction occurring within Christchurch Model implemented
in Kobe

Observed Percentage of Liquefaction
Chch Model 2
Kobe Model 1
59.3
59.2
55.3
15.7
7.13
7.95
0.047
0.26

Logistic Regression Probability Range
(%)
> 25
10 - 25
1 - 10
<1
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Chapter 5
Conclusion

Knudsen and Bott (2011) suggested that liquefaction occurrence is related to
geospatial layers such a geologic age, depositional environment, slope, elevation
and distance to the nearest water body. Their study however, was quantitative and
suffered from a severe sampling bias problem. To build upon their observations I
have addressed these limitations in the following methods:
1. I developed probabilistic liquefaction models with logistic regression.
2. The models are developed from an unbiased and probabilistically
representative dataset.
Using a uniformly distributed dataset from the 1995 Hygo-ken Nanbu earthquake
in Kobe, Japan two geospatial liquefaction models were developed. The models
were developed using logistic regression to predict the probability of liquefaction
occurrence given the input variables. Two four- parameter models were
developed that included proxies for the saturation, age and ground shaking.
Model 1 was dependent on the variables: PGA, elevation and normalized
distance, while Model 2 was dependent on: PGA, slope and the distance to the
coast. Both models captured the spatial distribution of liquefaction across Kobe
where the higher predicted probabilities mimic a denser distribution of the
liquefaction occurrences. An analysis of both models using ROC curves indicated
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that Model 1 had a better predictive performance and was therefore considered the
more accurate model.
When developing a model to be implemented across regions, globally
available geospatial variables are useful as they are not specific to particular
locations. For example such variables include the normalized distance, PGA and
topographic index. The development of a liquefaction hazard assessment based on
such variables allows for a model that is not dependent on site specific data,
therefore the model can be implemented across locations. The ability of the model
to correctly identify liquefaction occurrences when implemented in different
regions describes the generalizability of the model. The ability of the model to
perform across regions was assessed by implementing the Kobe model in
Christchurch, New Zealand, which is a similar coastal sedimentary basin
environment. Similar geospatial liquefaction models were developed for
Christchurch (Zhu, 2012). To assess the generalizability of the Christchurch
models, the models were implemented in Kobe. A comparison of the performance
of each model was done using ROC curves. The results indicate that the
Christchurch model was the more generalizable model as it accurately identified
the liquefaction occurrences in Kobe. The performance of the Christchurch
models in Kobe also highlighted methods in which the performance of the Kobe
models can be improved. These include: (1) developing a reliable proxy for
estimating soil saturation; (2) improving the method of accounting for the geology
of the region.
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