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Abstract

Earthquakes can result in catastrophes in terms of loss of human lives and property damage.
Post-disaster rapid response, rescue operations, and reconstruction needs adequate and
timely information about the damaged areas. Thus, development of such post-event
damage maps is essential. In addition, preventative disaster management and mitigation
require knowledge of the susceptibility of earthquake-induced hazards which should be
provided to policy makers and urban planners. Thus, efforts in modeling and predicting
earthquake-induced hazards are consequential to save lives and properties. This
dissertation used advanced machine learning, computer vision, geographical information
systems, remote sensing, and geospatial data analytics to provide methods related to
earthquake modeling in these two themes: 1) Post-earthquake damage mapping; and 2)
Earthquake hazard modeling. Chapters 2, 3 and 4 fall within the first theme (damage

mapping), and the scope of Chapter 5 is within the second theme (hazard modeling).

The focus of this dissertation is on modeling and mapping earthquake-induced
landslides and soil liquefaction as two highly destructive surface damages happening as a
result of ground shaking. When an earthquake occurs, the transmission of seismic waves
can cause shaking and vibration of ground surface. This often trigger the collapse of
potential landslide areas, based on some influential factors including geographical,
hydrological and meteorological conditions of the landslide location. Soil liquefaction is a
type of ground failure in which a granular soil is transformed from a solid state to a
liquefied state because of increased pore pressure and reduced effective stress.
Liquefaction occurrence also physically depends on some contributing factors including

soil density, saturation, and earthquake load.



In summary: 1) Chapter 2, as a geospatial and image data fusion approach, proposes a
post-event landslide mapping method based on optical remotely sensed imagery, and
investigates the performance of the supervised learning-based landslide detection model
by the addition of information including data of bi-temporal change and geospatial
parameters to the image data; 2) Chapter 3, as an image processing approach, proposes a
semi-supervised liquefaction detection method, and investigates the classification
performance by the addition of image-derived information including color transformation,
texture analysis, statistical indices, and dimensionality reduction outputs, to the post-event
optical imagery; 3) Chapter 4, as a computer vision approach, proposes a deep transfer
learning framework to develop a regional landslide mapping model, and investigates the
cross-event transferability of the model; and 4) Chapter 5, and a geospatial model, proposes
a system of voting machine learning classifiers to develop a regionally informed global
liquefaction model to predict liquefaction hazards using a set of explanatory geospatial

parameters by the aid of advanced machine learning algorithms.

The results of the dissertation suggest that: 1) Based on Chapter 2, Adding selected bi-
temporal change detection and effective geospatial parameters to the color channels of the
post-event imagery can help in improving the accuracy of classification model for landslide
mapping; 2) Based on Chapter 3, Adding selected statistical indices and dimensionality
reduction bands derived from the color imagery to the color channels of the post-event
imagery can improve the accuracy of semi-supervised classification model for liquefaction
mapping, and the semi-supervised approach works better than supervised learning due to
the iterative self-training process leading to learn from unlabeled data as well as labeled

data; 3) Based on Chapter 4, a regionally transferable landslide mapping model can be



developed by exploiting the power of deep transfer learning methods, and following some
recommendations including the use of data augmentation techniques, and down-sampling
of the post-event imagery if the resolution is considerably lower than the imagery the model
has been trained on; and 4) Based on Chapter 5, The accuracy of global geospatial
liquefaction methods can be increased by exploiting the power of different advanced
machine learning classification algorithms, a higher number of explanatory geospatial
parameters, and different models learning from data in global, coastal/non-coastal, and

regional datasets as subsets of a geospatial liquefaction inventory of 53 earthquakes.

In the last chapter (Chapter 6), a short review of the slope monitoring techniques
used in the open pit mining industry is provided. In summary, different commonly used
slope monitoring techniques in the open pit mining industry was presented, in addition to
the geomechanical, hydrological and geological considerations of pit slope design briefly.
The instrumentations vary from surface to subsurface and airborne. Visual investigations
are also a crucial part of the monitoring which is complementary to the remote sensing

data.
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1 Introduction

1.1 Landslide Mapping by Fusion of Geospatial and
Image Data

A series of earthquakes hit Kumamoto, Japan, over a period of two days in April 2016,
which caused numerous landslides. In this study, high-resolution pre-event and post-event
optical imagery, plus bi-temporal Synthetic Aperture Radar (SAR) data are paired with
geospatial data to train a pixel-based machine learning classification algorithm using
logistic regression to identify landslides occurred because of the Kumamoto earthquakes.
The geospatial data used include a categorical variable (surficial geology), and continuous
variables including elevation, slope, aspect, curvature, annual precipitation, and landslide
probability derived by the USGS preferred geospatial model which incorporates ground
shaking in the input parameters. Grayscale index change and vegetation index change are
also calculated from the optical imagery and used as input variables, in addition to temporal
differences in HH and HV amplitudes of SAR data. A detailed human-drawn landslide
occurrence inventory was used as ground-truth for model development and testing. The
selection of optimal features was done using a supervised feature ranking method based on
the Receiver Operating Characteristic (ROC) curve. To weigh the benefit of combining
different types of imagery, temporal change information and geospatial environmental
indicators for landslide mapping after earthquakes, five different combinations of features
were tested, and the results showed that adding data of selected geospatial parameters
(landslide probability, slope, curvature, precipitation, and geology) plus selected change

indices (grayscale index change, vegetation index change, and HV amplitude difference of



SAR data) to the imagery (post event optical) lead to the highest classification accuracy of

86.5% on class-balanced independent testing data.

1.2 Liquefaction Mapping by Semi-Supervised Learning
and Image Processing

Soil liquefaction often occurs as a secondary hazard during earthquakes and can lead to
significant structural and infrastructure damage. Liquefaction is most often documented
through field reconnaissance and recorded as point locations. Complete liquefaction
inventories across the impacted area are rare but valuable for the development of empirical
liquefaction prediction models. Remote sensing analysis can be used to rapidly produce the
full spatial extent of liquefaction ejecta after an event to inform and supplement the field
investigations. Visually labeling liquefaction ejecta from remotely sensed imagery is a
time-consuming task and prone to human error and inconsistency. This study uses a
partially labeled liquefaction inventory and proposes a pixel-based approach to detect
unlabeled liquefaction using advanced machine learning and image processing techniques.
The research goal is to generate an augmented inventory of liquefaction ejecta with high
spatial completeness using a set of partial labels created from visual annotations by experts.
The proposed methodology is applied to aerial imagery taken from the 2011 Christchurch
earthquake and considers the available partial liquefaction labels as high certainty
liquefaction features. This study consists of two specific comparative analyses: 1) To tackle
the limited availability of labeled data and their spatial incompleteness, a semi-supervised
self-training classification via linear discriminant analysis is presented, and the
performance of the semi-supervised learning approach is compared with supervised

learning classification; 2) Post-event aerial image is used to extract color transformation
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bands, statistical indices and texture components from the RGB (red-green-blue) channels,
plus dimensionality reduction outputs, and performance of the proposed model with
different combinations of selected features from these four groups are compared to find the
optimal set of features. Building footprints are also used as the only non-imagery geospatial
information to improve classification accuracy by masking out building roofs from the
classification process. To develop the multi-class labeled data used for classification,
regions of interest (ROIs) were drawn to collect samples of seven landcover and land use
classes. The labeled samples of liquefaction were also clustered into two groups (dark and
light) using Fuzzy c-means clustering algorithm to split the liquefaction pixels into two
classes. Comparing the generated maps with fully and manually labeled liquefaction data,
showed that the proposed semi-supervised method outperforms supervised learning, and
can better augment the liquefaction labels across the image in terms of spatial
completeness, when selected high-ranked features of the two groups of statistical indices
(gradient weight and sum of the band squares) and dimensionality reduction outputs (first

and second principal components of PCA analysis) are used.

1.3 Regional Landslide Mapping Model by Deep Transfer
Learning

Landslides are a significant natural disaster typical of mountainous terrains that can be
triggered by earthquakes and extreme rainfall events. Manual delineation of landslide
features to create inventories by visual interpretations of optical remotely sensed imagery
is a tedious and time-consuming process; therefore, post-disaster automatic detection of
landslides is desirable. Deep convolutional neural networks are a state-of-the-art computer

vision methods that can be used for landslide detection. A few recent studies use both pre-
3



event and post-event RGB channels in a change detection framework for detection of
landslides or they include different sources of data, including digital elevation model
(DEM) products. Since the performance of deep learning depends on the quality and
quantity of training data, it is challenging to use such methods in a timely manner after the
natural hazard events. Previous studies have not well investigated and reported the deep
learning landslide mapping models’ transferability from a training event to a testing event.
In this study, the transferability of a trained deep convolutional network using the landslide
inventory from the 2016 Kumamoto Earthquakes 6.6 Mw only based on post-event true-
color optical imagery is analysed and a regional landslide mapping model is introduced.
The landslide affected areas after the 2018 Hokkaido earthquake in Japan are used to test
cross-event transferability. The landslide affected areas after the 2017 Asakura Rainfall
event in Japan are used for a second cross-event transferability test with a different
landslide triggering factor. The rationale for selecting these three case studies is the
regional similarity of the events, all occurring in Japan, containing vegetated and forested
mountainous areas, including urban settings, with comparable geology, topography and
landcover. The presented deep transfer learning model uses a ResNet50-based
DeepLabV3+ semantic segmentation method as an automated way to extract landslide
features from post-event imagery instantly given the availability of the imagery without
the need to fine-tune the model or to develop event-specific training data. High accuracy
was achieved on the testing data from the 2016 Kumamoto Earthquakes (88.77 %), and on
the case studies (unseen events) of the 2018 Hokkaido earthquake (85.75 %) and the 2017

Asakura Rainfall (86.84 %).



1.4 Global Liquefaction Hazard Modeling by a Voting
Classification System

Data-driven geospatial liquefaction models are useful tools for real-time post-event impact
and regional seismic hazard assessments. Geospatial liquefaction models are based on
liquefaction occurrence inventories, widely available geospatial variables, and earthquake-
specific parameters. This research uses an updated inventory with geospatial data from
non-liquefaction and liquefaction occurrence locations in 53 earthquakes around the world,
including categorical and continuous variables representing proxies for soil saturation, soil
density, and earthquake loading. In this study, the performance of advanced machine
learning (ML) algorithms in learning complex nonlinear patterns in the large dataset to
predict liquefaction susceptibility, as an alternative approach to previously published
logistic regression classifiers is evaluated. The proposed methodology starts with an
exploratory data analysis and feature selection scheme on the sampled data across both the
liquefaction and non-liquefaction classes to remove redundant and less relevant features,
run data transformations, and perform statistical analysis to define some classification
thresholds. The class and event imbalance issue is treated in an innovative manner by
under-sampling large events and distributing the datasets over several balanced subsets.
Instead of training a single classifier, a system of voting machine learning classifiers is
designed to achieve higher accuracy and certainty, using different classification techniques
to balance the performance, as not a single classification technique can be considered the
best for all earthquake events. The voting classifiers use different portions of the data,
representing global, coastal/non-coastal and regional information, to optimize the

predictive power of the proposed model by taking the majority votes of six different



classifiers. The classifiers include three global classifiers, two coastal/non-coastal
classifiers, and a regional classifier. For each data subset, the ML-based binary
classification model is trained and validated via a K-fold cross-validation approach, and
the voting system is tested based on the leave-one-out approach, excluding individual
earthquake events one at a time for a fair accuracy, reliability, and applicability assessment.
The final class assignment is generated by majority vote of the system of 6 voting
classifiers trained by the individual data subsets. The results of this study are compared
with a model developed using logistic regression to investigate the benefits and limitations

of the proposed voting approach.

1.5 Slope Stability and Monitoring in Open Pit Mining
Industry

In the last chapter (Chapter 6), a short review of the slope monitoring techniques used in
the open pit mining industry is provided. In summary, different commonly used slope
monitoring techniques in the open pit mining industry was presented, in addition to the
geomechanical, hydrological and geological considerations of pit slope design briefly. The
instrumentations vary from surface to subsurface and airborne. Visual investigations are

also a crucial part of the monitoring which is complementary to the remote sensing data.
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2.1 Abstract

A series of earthquakes hit Kumamoto, Japan, over a period of two days in April 2016,
which caused numerous landslides. In this study, high-resolution pre-event and post-event
optical imagery, plus bi-temporal Synthetic Aperture Radar (SAR) data are paired with
geospatial data to train a pixel-based machine learning classification algorithm using
logistic regression to identify landslides occurred because of the Kumamoto earthquakes.
The geospatial data used include a categorical variable (surficial geology), and continuous
variables including elevation, slope, aspect, curvature, annual precipitation, and landslide
probability derived by the USGS preferred geospatial model which incorporates ground
shaking in the input parameters. Grayscale index change and vegetation index change are
also calculated from the optical imagery and used as input variables, in addition to temporal
differences in HH and HV amplitudes of SAR data. A detailed human-drawn landslide

occurrence inventory was used as ground-truth for model development and testing. The
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selection of optimal features was done using a supervised feature ranking method based on
the Receiver Operating Characteristic (ROC) curve. To weigh the benefit of combining
different types of imagery, temporal change information and geospatial environmental
indicators for landslide mapping after earthquakes, five different combinations of features
were tested, and the results showed that adding data of selected geospatial parameters
(landslide probability, slope, curvature, precipitation, and geology) plus selected change
indices (grayscale index change, vegetation index change, and HV amplitude difference of
SAR data) to the imagery (post event optical) lead to the highest classification accuracy of

86.5% on class-balanced independent testing data.

2.2 Introduction

Landslides are a significant natural disaster that can be triggered by earthquakes and
extreme rainfall events (Guzzetti 2006). Landslides tend to occur in mountainous areas and
can be influenced by the local terrain, geology, and geomorphology of the area, as well as
land use, and land cover (Cruden and Varnes 1996). As a result, there are numerous
empirical models for landslides that use geospatial inputs such as slope, elevation, aspect,
curvature, land cover, geology, and precipitation to predict the location of landslides (Godt
et al. 2008; Nowicki et al. 2014, 2018). In addition, landslides’ spatial extent (area) range
in size from less than a few square meters, for shallow soil slides, to thousands of square
kilometers, for large submarine failures (Cruden and Varnes 1996). Due to this scale,
landslides are often easily visible in aerial and optical remotely sensed imagery. This has
led to numerous landslide inventories developed using visual inspection of imagery or
automated machine learning and computer vision approaches (Dou et al. 2015; Zhong et

al. 2020). In this work, since an integrated approach can lead to improved performance,
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these two related efforts are combined to determine relative accuracies and best practices
for generating landslide maps using automated classification methods that take advantage

of geospatial data as well as pre- and post-event imagery.

The spatial distribution of seismically induced landslides depends on geospatial
variables related to earthquake shaking (epicenters, ground motion, and focal depth of the
main shock), and environmental variables related to the geology, land use, hydrology, and
topography (Sidle et al. 2005; Dai et al. 2011). The occurrence, extent, and volume of
landslides are also influenced by land cover conditions (Reichenbach et al. 2014), including
vegetation and surficial geology. In shallow soils, tree roots can penetrate below the
potential slip surface, providing reinforcement and anchoring against sliding as well as
removing soil moisture via transpiration at depth; whereas grass roots are typically shallow
and weak, providing negligible reinforcement against landslides (Sidle and Bogaard 2016).
Geological settings of the study area are influential in landslide susceptibility mapping
(Segoni et al. 2020). The susceptibility ranking analysis by Parise and Jibson (2000)
showed a clear distinction of susceptibilities of various geologic units to failure during
seismic shaking. Volcanic deposits, specifically, are made of weak materials and contain

landslide-prone soils and rocks (Reid et al. 2001; Frolova et al. 2015).

The U.S. Geological Survey (USGS) preferred landslide probability model,
introduced by Nowicki Jessee et al. (2018), uses lithology and land cover as two of its input
parameters alongside peak ground velocity, slope, and compound topographic index
(wetness proxy). Several alternative global landslide probability models are published and

used to map the landslide probability (Nadim et al. 2006; Hong et al. 2007; Stanley and
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Kirschbaum 2017; Parker et al. 2017; Tanyas et al. 2019), including the ones recommended
by USGS as alternative models (Godt et al. 2008; Nowicki et al. 2014), each using a
combination of geospatial inputs. Most of the global-scale models were carried out via
logistic regression as one of the earliest machine learning algorithms (Parker et al. 2017;
Nowicki Jessee et al. 2018; Tanyas et al. 2019). Logistic regression is the most used,
preferred, and recommended method for landslide mapping as well as susceptibility
modeling (Fan et al. 2019; He et al. 2021; Sreelakshmi et al. 2022; Shao and Xu 2022).
Recently, more advanced machine learning algorithms have also been used for global

landslide susceptibility mapping (Stanley et al. 2021; He et al. 2021).

In addition to empirical models based on geospatial inputs, landslides can be
mapped using image processing techniques that extract surface changes from optical
images or synthetic aperture radar (SAR) intensity images (Bai et al. 2017; Ji et al. 2018).
Remote sensing data has been widely exploited to create landslide inventories, to map
landslides, and to perform landslide susceptibility analysis (Zhong et al. 2020; Casagli et
al. 2023). High resolution imagery within multispectral (Martha et al. 2011; Holbling et al.
2017; Mohan et al. 2021) and microwave (Solari et al. 2020; Mondini et al. 2021) domains
of the electromagnetic spectrum are used to create landslide inventories. Current research
studies focus on identifying landslides using available images by visual interpretation,
supervised classification and change detection based on the temporal changes of those
images (Savvaidis 2003; Wang et al. 2021). Change detection has been exploited for
landslide mapping by analyzing the change in multi-temporal optical imagery (Ding et al.
2016; Yu et al. 2017; Huang et al. 2019) or high-resolution DEM data from LiDAR point

clouds (Jaboyedoff et al. 2012; Liu et al. 2019).
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Advanced machine learning-based classification and computer vision techniques
have also been used in a wide range of geotechnical applications, including landslide
identification (mapping) via remotely sensed data (Moosavi et al. 2014; Zhang and Goh
2016; Fanos et al. 2018; Tehrani et al. 2021; Mohan et al. 2021), and landslide
susceptibility modeling (Kumar et al. 2017; Dou et al. 2020; Fang et al. 2020; Liu et al.
2021). However, complex machine learning classifiers are computationally expensive,
time-intensive, more difficult to learn and interpret by the users, and also require a large
number of high-quality training data (Zhong et al. 2020). In addition, these methods are
prone to overfitting which means the trained model might not perform equally well when
applied to independent testing data (Ma et al. 2021). Applying deep learning-based
computer vision techniques for landslide mapping is also subject to additional unique
limitations. They are not yet well-utilized for real-time post-event mapping, and they are
supposed to perform the best when applied on RGB (Red, Green and Blue) channels, while
satellite imagery used for landslide mapping generally has multiple additional bands which
might be beneficial for the purpose of landslide mapping (Thirugnanam, 2023). The
transferability of the trained model to other events might also be difficult and might need

additional model parameters tuning.

Fang et al. (2020) assessed different machine learning algorithms and reported that
overfitting has been an issue in their study. The large gap between the training and testing
accuracy in the study by Xie et al. (2021) can also be indicator of overfitting as discussed
in the study by Ado et al. (2022). Kalantar et al. (2018) have evaluated the performance of
logistic regression in landslide susceptibility mapping and compared the accuracy with

Support Vector Machines (SVM) and Artificial Neural Networks (ANN). The results of
11



their study showed higher accuracy derived from the logistic regression model. Xie et al.
(2018) have also compared the performance of logistic regression and ANN in earthquake-
induced landslides susceptibility mapping, and they have reported slight superior

performance by the logistic regression model.

A few studies have been conducted to assess earthquake-induced damage using
optical satellite imagery (Kim and Kim 2018; Xu et al. 2018), multi-temporal airborne
LiDAR (YYamazaki et al. 2018; Konishi and Suga 2018; Liu et al. 2019) and SAR data
(Nava et al. 2022) for landslide mapping after Kumamoto 2016 earthquake. UAV
(Unmanned Aerial Vehicles) imagery-derived three-dimensional (3D) models for damage
mapping (Yamazaki et al. 2017), and a combination of non-optical remote sensing data for
surface displacement and landslide mapping (He et al. 2019; Uemoto et al. 2019) are also
performed in the aftermath of the 2016 Kumamoto Earthquakes. Building damage
detection using LIDAR data (Hajeb et al. 2020; Yamazaki et al. 2022), post-event aerial
imagery (Zhan et al. 2022) and SAR imagery (Bai et al. 2017) have also been done for this
event. Tamkuan and Nagai (2017) have also fused interferometric coherence data and

optical imagery for building damage detection after Kumamoto 2016 earthquake.

This research is an attempt to showcase that logistic regression has the capability
to classify images efficiently with a significant reduction in computational time and can
also waive the tedious task of building and tuning complex models for image segmentation.
The proposed pixel-based classification model is simple, fast to train, less prone to
overfitting, and easily applicable for future events. Pixel-based analysis of the images for

landslide detection performs slightly better and has been reported to provide better results
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than object-based techniques (Sreelakshmi et al. 2022). Calculating the probability of each
pixel belonging to the landslide makes the output of the model more reliable (Chen et al.
2017; Yu et al. 2017; Ullo et al. 2021). It is also difficult to apply an object-based method
with the same set of parameters to different images, because the characteristics of different

landslides and their surrounding backgrounds are mostly different (Yu et al. 2017).

In this work, empirical geospatial landslide modeling methods and image-based
classification methods are merged to demonstrate how data fusion can improve landslide
inventory development. The datasets used in this research are collected in the region
impacted by landslides resulting from the 2016 Kumamoto earthquake series, including
high resolution optical aerial and satellite imagery, SAR imagery and additional
environmental geospatial parameters. Logistic regression is used as the machine learning
classification algorithm for detecting and mapping seismically induced landslides on post-
event aerial imagery. The proposed model’s accuracy is quantified across different input
features to determine which input features are the most effective and useful in developing
pixel-based landslide classification for inventory development. The optimization of
features was done via supervised feature ranking method based on the Receiver Operating
Characteristic (ROC) curve. The hypothesis of the study is that visual identification of the
landslides can be improved using data fusion with relevant temporal change indices,

environmental geospatial characteristics and empirical geospatial models.

2.3 Datasets
The 2016 Kumamoto earthquakes in Kyushu Island, Japan, began with a magnitude 6.2 M

earthquake on the Hinagu Fault on April 14, followed by another foreshock of magnitude
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6.0 M on the Hinagu Fault on April 15, and a larger magnitude 7.0 M earthquake on the
Futagawa Fault on April 16, 2016, at an epicentral depth of about 11 kilometers beneath
Kumamoto City, Kumamoto Prefecture on Kyushu, Japan (GEER Report 2016). The
mainshock had a focal depth of 10 km, and there were several co-seismic surface ruptures
along the fault zone, so most of the landslides by the mainshock roughly tracked the area

of the triggering fault (Shirahama et al. 2016).

The 2016 Kumamoto earthquakes were the strongest earthquakes ever recorded in
the region, with large mass movements damaging properties, including houses, roads, and
bridges, and even cultural heritage sites (GEER Report 2016; Japanese Water and Disaster
Management Bureau 2016). The damages and loss of lives were largely due to the collapse
of wooden buildings in Mashiki town and landslides in Minami-Aso village. Thousands of
buildings collapsed, and lifelines, such as gas, electric power, and water, were also
disrupted by the earthquake. Landslides and surface ruptures disrupted road and railway
networks, making it impossible to reach the afflicted area quickly after the earthquake

(Cabinet Office of Japan 2016; Liu et al. 2019).

Data collected for this study include a landslide inventory, high resolution optical
imagery, SAR imagery, environmental geospatial characteristics, and imagery-derived
change information. Each of the inputs and their derived products are discussed in the
following subsections. Figure 1 shows the Kumamoto region with the location of the

earthquake epicenters.
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Figure 2-1. Area of study for Kumamoto 2016 earthquake’s landslide mapping in this
study (rectangular green area). The map shows the coverage of aerial imagery provided
by GSI (Geospatial Authority of Japan), SAR data coverage by JAXA (Japanese
Aerospace Exploration Agency), surveyed areas by NIED (National Research Institute
for Earth Science and Disaster Resilience) for the landslide inventory used in this study,
epicenters of the earthquakes sequence, and landslide features delineated by NIED
(2016).

2.3.1 Landslide Inventory
The National Research Institute for Earth Science and Disaster Resilience (NIED) of Japan

has released a few versions of landslide inventory for the 2016 Kumamoto events (NIED,

2016). NIED compared aerial photographs, satellite images, and airborne SAR images
15



before and after the earthquake centering on Kumamoto to identify the locations of
sediment movement and create a sediment movement distribution map. In this study, the
version published on April 21, 2016, is used which was created by comparing the aircraft
SAR image on the 17" with the satellite image posted on Google Earth before the disaster,
and by inspecting aerial imagery published by the Geospatial Authority of Japan (GSI) on

April 16, 19 and 20, 2016 (GSI, 2016).

The 2016 Kumamoto earthquake caused mainly small to medium-sized landslides,
with 47% of the landslide feature having area of less than 10° m? (Chen et al. 2017b),
consistent with many other earthquakes (Koyanagi et al. 2020; Xu et al. 2018). The
distribution of the 264 landslide features used in this study is highly positively skewed.
The area ranges from 23.4 m? to over 0.23 km? with a mean of 5373 m?, standard deviation
of 18726, and median value of 1049 m?. The total area of the landslides is ~1.42 km?.
Figure 2 shows the area-frequency distributions of the landslide features used in this study
in a logarithmic scale, plus the box plot of the area of the features. It shows that the
landslide feature size is highly skewed towards zero, which means that most of the
landslide features in the inventory are small, and large features are significantly less

frequent.
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Figure 2-2. (a) Log-binned area-frequency plot of the distribution of the landslide
features’ area, generated considering 10 bins. (b) The box plot of the feature area data
also shows a significant positive skewness. In the box plot, a box (in blue) is drawn from

the first quartile to the third quartile of the area distribution, and a line (in red) goes
through the box at the median value.

The NIED inventory maps were developed through visual inspection of the post-
earthquake aerial imagery; however, the polygons are not assumed to match perfectly with
the landslide areas, since the delineation has been a part of the rapid response process. The
inventory does not cover the whole earthquake-affected area, and is human-drawn so has
limited accuracy. Interpretation of the aerial photos is the most common method to identify
and map landslides (Guzzetti et al. 2012). The results of the study by Carrara et al. (1992)
showed that the mapping error decreases with the increasing resolution of imagery and the

experience of the investigators. However, the identification and mapping of landslides
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through visual investigation is still empirical and uncertain (Guzzetti et al. 2012). The
NIED inventory is created based on the definition of the boundary of the landslide features
as the area covering displacement source areas, travel paths, and accumulation areas
(Shinoda et al. 2019). Due to reasons such as insufficient field surveys (NIED 2016), the
inventory should not necessarily be considered as completely correct indicator of landslide
features. NIED set a criterion of having width of higher than 100 m (moderate-size relic
landslides) to identify and map landslide features (Chen et al. 2017b), thus, some moderate-

or small-scale landslides were probably omitted (Xu et al. 2018).

Measuring the accuracy of landslide inventories is difficult as there are no standards
on the procedure (Galli et al. 2008). The accuracy of landslide inventories depends on their
completeness, and their geographical and thematic correctness (Guzzetti et al. 2012).
Assessing the completeness depends on knowing the real complete map of landslides
which is unknown most of the times. Specially, smallest landslides have the highest
potential to be missed in inventories. A few studies have stated that their inventories are
nearly complete, but with a threshold on the minimum area of covered landslide features
(Harp and Jibson 1995; Malamud et al. 2004). Geographical correctness means the
similarity of the mapped landslide features with the reality in the field in terms of shape,
size, and area (Santangelo et al. 2010). Thematic correctness depends on the accuracy of
the additional information provided with the inventory, including, but not limited to type,
age, and depth of landslide features, for which the certainty information is rarely provided

in literature (Guzzetti et al. 2012).
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In order to match the resolution of post-event imagery, nearest neighbor interpolation
approach was used to downscale the rasterized polygons in the inventory to generate the
final raster file of the landslide labels used as the ground-truth label for classification

modeling.

2.3.2 Imagery

The imagery used in this research include pre-event optical satellite imagery, post-event
aerial color imagery, and pre- and post-event synthetic aperture radar imagery. The
specifications of the datasets are provided in the following subsections. Then, the change

information parameters derived by the temporal differences of the imagery are presented.

2.3.2.1 Optical Imagery
Aerial images of the study area, taken on April 20, 2016, were collected from GSI

repository. The post-event orthographic images taken near Nishihara 2 district have 0.5 m
resolution. The pre-event multi-spectral optical images, taken on March 17, 2016, were
used in this study were collected via GeoEye-1 satellite from DigitalGlobe (MAXAR) with
1.64 meters multispectral and 0.41 m panchromatic resolution. The spectral range of the
RGB channels are: Blue: 450-510 nm; Green: 510-580 nm; and Red: 655-690 nm. The
1.64 m resolution pre-event image was pansharpened using the panchromatic band, and the
resulting 0.41 m resolution image was resampled via bilinear method to convert to 0.5 m

resolution to match the post-event image.

The cropped post-event image of the study area with 0.5 m resolution, which was
considered as the reference for interpolation of the other parameters, covers an area of

almost 42.71 km?, consisting approximately 16.61 million image pixels., Figure 3 shows
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the pre-event natural-color satellite image used for this study. Figure 4 shows the post-

event aerial image area of our study, with landslide polygons overlayed.

The post-event aerial imagery has the highest resolution among the parameters used

in this research, all the other parameters have been resampled via bilinear interpolation (for

continuous variables) and nearest neighbor (for categorical variables) methods. Thus, it

should be noted that all the parameters introduced and visualized in section 2, were

interpolated to match the resolution of the post-event imagery before further processing. In

addition, to co-register all the layers used in this study, the imagery and geospatial layers

where all projected to the same coordinate system used for the post-event aerial imagery.
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Figure 2-3. Pre-event natural-color GeoEye-1 satellite image (1.64 m resolution)
provided by DigitalGlobe (2016). The image was further processed by pan-sharpening
and resampling to match the resolution of the post-event aerial image (0.5 m).
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Figure 2-4. Post-event RGB aerial image with 0.5 m resolution, provided by GSI (2016),
with NIED landslide polygons (red polygons) overlaying the image.

2.3.2.2 Synthetic Aperture Radar
Landslides can be mapped using image processing techniques that extract surface changes

from synthetic aperture radar intensity images (Yamaguchi, 2012). In this research, L-band
imagery from the PALSAR-2 sensor of the Advanced Land Observing Satellite 2 (ALOS-
2) was acquired from the Japan Aerospace Exploitation Agency (JAXA, 2016) in ScanSAR
Wide Beam Dual (WBD) mode with pixel spacing of 25 meters. The images are level 1.5
data which are multi-looked and geocoded. We collected the pre-event (01/26/2016) and
the post-event (04/19/2016) ALSO-2 PALSAR-2 imagery to calculate the changes in HH
and HV polarization bands. The datasets used in this study are made publicly available by

JAXA (JAXA, 2016).
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The geocoded pre- and post-event amplitude images were first filtered in ENVI
using Enhanced Lee Filter (Lopes et al. 1990) with 3x3 pixels window size to reduce
speckle in radar imagery while simultaneously preserving texture information. Filtered
data was then calibrated based on the instructions provided by JAXA (Motohka et al. 2018)
to convert digital numbers (DN) to the normalized backscattering coefficients (sigma

naught) using Equation 1 (Shimada et al. 2009).

0o = 10 x log;o(DN?) — CF, 1)
where gy, is the backscattering coefficient, DN is digital number of SAR amplitude images,
and CF; is a calibration factor equal to -83 for Level 1.5 data. The unit of both g, and CF;

is dB.

2.3.3 Change Detection
Besides using raw post-event imagery, the temporal change from pre-event and post-event

raw imagery can also be exploited in landslide mapping. In addition, processing the
imagery to derive additional change indices and geospatial products can be useful in
mapping the impacted areas. In this work, three change detection products are used,
including grayscale index change and vegetation index change derived from the RGB
optical imagery, and the temporal change products derived from the pre- and post-event
SAR data which includes two amplitude difference bands of HH (horizontally transmitted
and horizontally received polarization) and HV (horizontally transmitted and vertically
received polarization). The change detection results of the two polarization bands of SAR
data are visualized via Figure 5 in addition to the other two derived change indices which

are presented through the following subsections.
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2.3.3.1 Vegetation Change
Vegetation indices are commonly used to highlight vegetation and are useful for the

landslide identification as landslides often result in the removal of vegetation along the
path of the landslide. When pre- and post-imagery is available, change detection applied to
these indices can be used. There are several RGB-derived vegetation indices introduced in
the literature (Sanchez-Sastre et al. 2020). In this study, vegetation indices of pre- and post-
event imagery are derived using Equation 2 which has been used to distinguish vegetation

and living plants from soil or residue background (Meyer et al. 2013).

Vegetation Index = (1.4 X Red) - Green (2)
The vegetation index is calculated using the pre-event and post-event optical images.
Vegetation index change is calculated by subtracting the pre-event vegetation index form
the post-event vegetation index and the resulted interpolated difference is shown in Figure

5.

2.3.3.2 Grayscale Change
The grayscale index allows the information across three bands to be combined into a single

image input which may reduce redundant information (Kazmi et al. 2015) and can provide
valuable compact information about the occurred change. The grayscale index is derived

using Equation 3 (Burger and Burge 2010).

Grayscale = (0.2898 X Red) + (0.5870 X Green) + (0.1140 X Blue) 3
The grayscale change is calculated by subtracting the pre-event from the post-event

grayscale index, and the resulted interpolated difference is shown in Figure 5.
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Figure 2-5. (a) Grayscale index change, (b) Vegetation index change, (c) HH amplitude
difference, and (d) HV amplitude deference of SAR data. SAR data were interpolated via
bilinear method to match the resolution of the optical post-event image. The grayscale
and vegetation change indices have no units, and they are derived from RGB digital
numbers in 0-255 range. All layers are shown with the landslide features overlayed.
Rows and columns as axes titles are indicators of pixel number (pixel size is 0.5 m).

2.3.4 Environmental Geospatial Inputs
Seismically induced landslides are controlled by seismic, topographic, and geological

factors (Xu et al. 2018). Environmental geospatial parameters that are commonly used in
empirical landslide models are selected for use in the pixel-based landslide classification
algorithm derived herein, as shown via Table 1. The geospatial inputs include categorical
and continuous variables which are introduced in the following subsections. The
interpolated version of the six continuous environmental geospatial variables used in the
study are plotted in Figure 6. They include landslide probability, DEM, slope, aspect,
curvature, and mean annual precipitation. The Box plot statistics of these variables are also

shown via Figure 7.
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Table 2-1. Parameters used in this study for landslide mapping modeling.

Resource No. Variable Type Unit Min Max Mean Median St. Dev.
Digital Geospatial
1 . m 141.00 | 806.00 423.03 422.00 125.34
Elevation .
Continuous
Geospatial
2 Slope deg 0.00 55.18 13.77 10.98 9.55
Continuous
Topographic
Geospatial
3 Aspect deg 0.00 359.65 224.90 228.68 71.58
Continuous
Geospatial
4 Curvature m -4.91 3.93 0.00 -0.01 0.41
Continuous
. Geospatial
Seismic g | Landslide i - 000 | 022 0.09 0.08 0.05
Probability .
Continuous
Geospatial
6 Precipitation mm | 2033.00 | 2654.00 | 231550 | 2287.57 118.73
Continuous
Geological
Geospatial
7 Geology - Number of Categories =9
Categorical

2.3.4.1 Topographic Inputs
The topographic inputs are derived from the Digital Elevation Model (DEM) for the globe,

provided by The Ministry of Economy, Trade, and Industry (METI) of Japan and the

United States National Aeronautics and Space Administration (NASA), released as the

Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global

Digital Elevation Model Version 3 (GDEM-003, 2018). The resolution of the digital

elevation data used is ~30 meters. The users are advised by the data providers that the DEM
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data contains anomalies and artifacts which might reduce or eliminate effectiveness for

certain applications.

Stefanescu et al. (2015) analyzed uncertainties in DEM datasets as inputs of
probabilistic hazard models, and they concluded that the errors due to DEM data should be
incorporated into the model error, and generating multiple realizations of the outputs,
leading to ensemble maps, was suggested in their study to deal with such uncertainty. In
this study, since the area of study is very small, compared to the global-scale 30 m

resolution of the DEM data, the possible uncertainty due to DEM error is neglected.

Slope (derivative of the surface), Aspect (orientation of the slope) and Curvature layers
were then generated using ArcGIS software deriving from the downloaded DEM layer.
Curvature is indicator of the shape of the slope (concave versus convex) calculated by

taking the second derivative of the surface.

According to the research done by Koyanagi et al. (2020), 59 percent of the landslides
in the 2016 Kumamoto incident in Japan happened on slopes less than 30 degrees. Previous
research in volcanic regions, relatively soft soils such as volcanic ash, and places underlain
by poorly cemented rocks have found that more earthquake-initiated landslides typically
occur on gentler slopes (Song et al. 2019; Koyanagi et al. 2020). The 2016 Kumamoto
Earthquakes generated greater landslides than recent rainfall-induced landslides in the
region, perhaps due to the distinct topographic trigger points as well as the strong ground

motion (Koyanagi et al. 2020).
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2.3.4.2 Seismic Input
Although they can be effective in landslide mapping, peak ground acceleration (PGA) and

peak ground velocity (PGV) from USGS ShakeMap were not used because of the relatively
small area of study compared to the ESRI raster’s resolution (USGS ShakeMap). Instead,
the USGS preferred landslide model with output resolution of ~250 m is used which is
published through USGS Ground Failure products to be used after earthquakes (Nowicki

Jessee et al. 2018; Allstadt et al. 2022).

The Nowicki Jessee et al. (2018) landslide model includes PGV, lithology, land cover,
slope, and compound topographic index (CTI) as its input parameters. The model was
developed by relating 23 inventories of landslides triggered by past earthquakes with
different combinations of predictor variables using logistic regression (Nowicki et al. 2018;
USGS ShakeMap; Allstadt et al. 2022). It is decided in this study to evaluate the USGS
preferred landslide model as a potential input since it is a readily available product after

earthquakes.

2.3.4.3 Precipitation
The mean annual precipitation data was downloaded from the WorldClim database version

2, which has monthly averages for precipitation from 1970-2000. The monthly averages
were summed to get the mean annual precipitation data at a resolution of 30 arc-seconds
(Fick and Hijmans 2017; WorldClim Database), and resampled to match the post-event

aerial image resolution.
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Figure 2-6. Plots of six of the interpolated continuous geospatial explanatory variables
used in this study, including (a) digital elevation (b) slope, (c) aspect, (d) curvature (e)
landslide probability, and (f) mean annual precipitation. All layers are shown with the
landslide features overlayed. Rows and columns as axes titles are indicators of pixel
number (pixel size is 0.5 m).
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Figure 2-7. Box plots of the continuous environmental geospatial variables used,
including (a) Digital elevation, (b) Slope, (c) Aspect, (d) Curvature, (e) Precipitation, and
(f) Landslide probability.

2.3.4.4 Surficial Geology

The Seamless Digital Geological Map of Japan (1:200,000) provided by the Geological

Survey of Japan and National Institute of Advanced Industrial Science and Technology,

was used to generate the geology layer in this study (Geological Survey of Japan, 2015).

Figure 8 shows the map outlining 9 different geological units in the study area. Although

29



“water” is not considered a geological category, it is considered as a geology class in this
study, since the geology map used in this study has a class of waterbodies, and the intention

is to use data with full coverage in the area of study, instead of removing the water class.

Many natural slopes and road embankments failed as moderate to large-scale
landslides in the Aso Caldera area. Volcanic ash, pumice and andosol, a highly porous
dark-colored substance made up of volcanic ash combined with organic materials, made

up most landslide masses in that area (Kiyota et al. 2017).

To match the resolution of post-event imagery, nearest neighbor interpolation
approach was used to resample the categorical variable (geology). Figure 8 shows the
interpolated version of the categorical variable used in this study. Figure 9 also shows the
bar plot of the variable to compare the histograms of the categories per the binary classes

of landslide and non-landslide.
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Figure 2-8. Seamless Digital Geological Map (1: 200,000) by the Geological Survey of
Japan. The layer is shown with the landslide features overlayed the categories. Rows and
columns as axes titles are indicators of pixel number (pixel size is 0.5 m).
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Figure 2-9. Comparative normalized bar charts of the geology parameter. Percentage
labels on the graph are rounded to the nearest integer value. The percentage values are
rounded to the closest integer, so the class of water (9) has very low number of samples
in the map, but not absolutely zero.

2.4 Methodology

Given the available data described in Section 2, a methodology for feature selection
followed by a pixel-based binary classification method is presented in this study. The
feature selection step helps to determine which data inputs help the model to distinguish
better between the two classes (landslide and non-landslide) without overfitting, since one
way to reduce the overfitting is to reduce the dimensionality of the data. Feature analysis

can, therefore, help us understand variable importance in the classification modeling.

In this study, landslide mapping is a binary classification problem, which means that the
goal of developing a model is to predict each pixel as either positive (landslide) or negative
(non-landslide) for landslide mapping. The flowchart of the proposed methodology is
shown in Figure 10. In this section, data processing and modeling is presented via
subsections starting with the data normalization as a pre-processing step and ending with

model accuracy evaluation and post-processing steps.

31



Opticaland Feature Ranking Logistic R )

RadarData and Selection OgIstic Regression
Temporal Change Data Interpolation

Information and Normalization

1
Geospatial Comparative
.p P . Model Validation
Variables Analysis

Figure 2-10. Flowchart of the proposed landslide mapping algorithm.
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2.4.1 Data Normalization

After the resampling and stacking of the datasets, all the data layers were normalized as a
pre-processing step. Since the geology variable is originally categorical, but categorical
data is not desirable for the classification method used in this research, the geological
categories are sorted by the percentage of landslide occurrence in the categories within the
training data, and the percentage of landslide pixels is substituted with the category
numbers. This leads to a meaningful set of numbers for the geology variable, where the
higher number indicates a higher probability of landslide occurrences. Then, the geology
feature is considered same as other continuous variables, and the variable is normalized as

well.

Both the feature selection and classification models are developed based on the
normalized data of the explanatory variables or data inputs, X, which significantly reduces
the impact of data range on the final landslide prediction model and increases the

processing speed with fast convergence (Rojas 1996). Using the mean () and standard
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deviation (o) of individual explanatory variables, data of all variables were normalized

using Equation 4 to have a mean of 0 and standard deviation of 1.

(4)

2.4.2 Feature Ranking

Different combinations of features are used in the model validation step based on the
feature ranking results, to perform a comparative analysis and to choose the best

performing model based on the accuracy of the results for each combination.

The implemented algorithm ranks the features in data using an independent
evaluation criterion for binary classification. Assume that Z is a matrix where every row is
an observed vector (Z;), and the number of columns correspond to the original number of
features. The criterion for feature ranking is the area under the empirical receiver operating
characteristic (ROC) or the Area Under the Curve (AUC) (Theodoridis 1999). The receiver
operating characteristic (ROC) curve is a graphical plot that illustrates the diagnostic ability
of the binary classification system. It is generated by plotting the true positive rate for a
given classifier against the false positive rate for various thresholds. For a perfect classifier,
AUC = 1. For a classifier that randomly assigns observations to classes, AUC = 0.5

(Fawcett 2004).

ROC curves and AUC scores also allow us to compare the performance of different
classifiers for the same problem. The ROC curve is produced by calculating and plotting
the true positive rate against the false positive rate for a single classifier at a variety of

thresholds between 0 and 1. The optimal threshold leads to the highest AUC and highest
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classification accuracy. At the feature ranking step in this research, each variable Z; is
tested through various thresholds within its range (min-max) to calculate TPR and FPR for

those thresholds, which are needed to generate the ROC curve for the feature.

2.4.3 Binary Classification Modeling
In this subsection, different aspects of the classification modeling are explained in detail.

2.4.3.1 Logistic Regression
The pixel-based binary classification step uses logistic regression algorithm to predict

landslide and non-landslide pixels. Logistic Regression is a supervised machine learning
algorithms which is commonly used for binary class classification problems. Logistic
regression was borrowed by machine learning from the field of statistical models and is
currently one of the most well-known and widely used machine learning algorithms (James
et al. 2013). Logistic regression operates using a sigmoidal function for values ranging
between 0 and 1. In the context of image processing, this could mean identifying whether

a given pixel belongs to a particular class.

A logistic regression algorithm takes as its input a feature vector Z; and outputs a
probability, y=P(y=1|z), where the feature vector represents an object belonging to the
class y. For image processing, the feature vector might be just the values of the red, green,
and blue (RGB) channels for each pixel in the image, a one-dimensional array of real
numbers formed by flattening the three-dimensional array of RGB pixel values. A logistic

regression model is described by the logistic (sigmoid) function shown via Equation 5.

o(w) = (5)
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and w contains the weights (coefficients) and the bias (intercept) of the linear equation. To
calculate the coefficients in a way that the error is minimized, a loss error function is
defined as shown via Equation 6, which describes how far the estimates are from actual

observations.

5 )2
L(}?, y) — 6% 23’) 6)

2.4.3.2 Data Partitioning
To train the classifier, it is recommended to separate data samples into distinct groups for

model development and model testing, to avoid overfitting or underfitting. The difference
in accuracies between the training and test sets can indicate whether a model is overfitting.
The model is overfitting when the difference is large and the accuracy on the training set
is very high. Underfitting, on the other hand, occurs when a model is not sophisticated
enough to precisely capture relationships between predictors and responses, resulting in

low accuracy on both training and test sets.

In this study, a special sampling process is designed to create model development
and testing data. The area of study was split into 10-by-20 grid regions (100 model
development and 100 model testing regions). The resulting dataset was significantly
unbalanced with only 3.32% of pixels belonging to the landslide class. Class imbalance
can cause overfitting in the classification algorithm as the model is rewarded by only
predicting the majority class. To balance the datasets, only 10% of landslide points in the
model development grid regions were sampled and added to only 0.4% of non-landslide

pixels in those grid regions to form the sampled and balanced model development dataset.

35



Based on the sampling strategy, the model development data of the landslide class
contains only 5.67% of the total pixels assigned as landslide pixels in the study area, which
means that the final model has not ever seen 94.33% of ground-truth landslide samples.
The reason for the sampling process is to highlight the fact that no significant amount of
data is needed to train the algorithms. This will also be helpful in a trustworthy validation
step by considering most pixels in the final predicted landslide map of the study area as
new independent predictions. In addition, results of the study by Rashidian et al. (2020) on
pixel-based Earthquake-induced liquefaction modeling showed that although increasing
the number of training pixels increases the accuracy and reliability of the classifier, the
improvement will not be meaningful after reaching a specific number of pixels (2000 pixels

recommended in their study).

Figure 11 shows the ground-truth label based on the NIED landslide inventory, and
the regional distinction for sampling model development and testing data, which has been
implemented to avoid model bias. As shown in the Figure, model development data points
have been sampled from blue boxes, whereas the testing points were sampled from the gray
boxes. The testing dataset was also randomly sampled to create a balanced testing dataset
consisting of all landslide pixels plus the same number of pixels from the non-landslide

class (3.92% of available non-landslide pixels in the testing grid regions).
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Figure 2-11. Ground-truth binary landslide label, with distinct model development and
testing regions. Model development regions are shown via light blue, and testing regions
are shown via gray color. Yellow dots are the sampled training data for the landslide
class, and blue dots are the sampled training data for the non-landslide class. Rows and
columns as axes titles are indicators of pixel number (pixel size is 0.5 m). The sample
points are schematical, and are not real indicator of the sampled data, since the points are
very small, and needed to be enlarged for visualization. The number of sampled data is
higher that visualized points in this figure.

2.4.3.3 Model Evaluation
After random sampling of the model development data, the collected samples are divided

into two groups of training and validation. The validation process was implemented by
hold-out validation of 25% of the sampled and balanced model development data to help
the training process. The validation accuracy is reported for each of the evaluated case
models. Then, the distinct testing data samples from testing grid regions are used to test
the predictive ability of the classification model on an independent unseen dataset, and to

calculate the accuracy indices explained below.
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There are several classification accuracy indices which were used in this study to
make sure the model performs well. The proportion of correctly classified observations per
positive class is referred to as the Sensitivity or True Positive Rate (TPR). Specificity or
True Negative Rate (TNR) is the rate of correct prediction in the negative class. The
sensitivity and specificity formulas are provided via Equations 7 and 8. The proportion of
incorrectly classified observations per true class is referred to as the False Negative Rates
(FNR). The Area Under Curve (AUC) curve depicts the true positive versus false positive
rate. The AUC number is a measure of the overall quality of the classifier. Higher AUC

(maximum is 1) values indicate better classification performance.

TP

Sensitivity = TPR = TPTEN 7
Specificity = TNR = — - (8)

The proportion of correctly classified observations in the positive (landslide) class is
referred to as the Positive Predictive Values (PPV) or precision. A high precision indicates
that the model has a high probability of correctly classifying positive samples. The recall
or Negative Predictive Value (NPV) is proportion of correctly classified observations in
the negative (non-landslide) class. While the recall explains how sensitive the model is to
identifying actual positive samples, it also quantifies the probability of detecting actual
positive samples. Because precision and recall assess different aspects of the model, an
index that combines the two is also used. The F1 score is the harmonic mean of the
precision and recall, where an F1 score reaches its best value at 1 and worst at 0. The

precision, recall and F1 score formulas are provided via Equations 9 to 11.

TP
TP+FP (9)

Precision = PPV =
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TN

Recall = NPV = TNTEN

(10)

2.4.3.4 Landslide Map Post-Processing
After generating the final landslide maps, to remove the noise and smooth the maps, two-

dimensional median filtering was performed on the generated maps, which substitutes
isolated pixels with the dominant class around them. Five rounds of smoothing are
performed to avoid pixelated landslide maps, and to smooth the boundaries of the features.
The window size selected for the post-processing step is 21x21 pixels in this study as a
moderate size window as a trade-off to isolate and filter noise pixels while not losing very
small-size landslide features. To analyze the impact of post-processing on the landslide
map in terms of accuracy statistics, the generated map is compared with the ground-truth

label, and the map overall accuracies before and after the smoothing are reported.

2.4.3.5 Feature Importance Analysis
Feature importance is also assessed by multiplying the coefficients of the logistic

regression model by the standard deviation of the corresponding continuous parameters.
Since all variables were normalized in the pre-processing step, having standard deviation
of 1, the coefficients of the logistic regression model themselves are also the indicators for

the feature importance in this study.

2.5 Analysis Results

In this section, the results of feature ranking step and the binary classification modeling are
provided. Model validation is performed, and the visualizations are provided plus a

discussion of the methods and outputs.
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2.5.1 Feature Selection

In this study, it was decided to keep all RGB color channels of the post-event imagery
active in the training process for the classification models. Feature ranking of the geospatial
features and the temporal change features was performed to evaluate different
combinations. The goal of performing this step is to select high-weight features per the
categories of change information and geospatial information. The supervised feature
ranking results via ROC calculation are shown in Table 2. The weights of features in the
landslide and non-landslide classes show that the two change bands of vegetation
difference and grayscale change have the highest impact on the classification as compared
to the other variables. The third high-weight band in the change information category is
HV amplitude difference. Geology, slope, precipitation, curvature, and landslide
probability are the other high-weight geospatial features. The criteria to select the high-
weight features was to have a weight of at least 0.55 in the feature ranking step (Table 2).

It should be noted that having a weight of 0.5 is indicator of a random classifier.
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Table 2-2. Feature ranking results by ROC scores for the continuous variables.

Rank Feature Description Feature Type Weight
1 Grayscale Change Change 0.792
2 Vegetation Change Change 0.791
3 Geology Geospatial 0.783
4 Slope Geospatial 0.669
5 Precipitation Geospatial 0.582
6 Curvature Geospatial 0.580
7 HV Amplitude Difference Change 0.565
8 Landslide Probability Geospatial 0.562
9 Digital Elevation Geospatial 0.542
10 HH Amplitude Difference Change 0.529
11 Aspect Geospatial 0.524

2.5.2 Classification and Model Evaluation
To evaluate how data fusion can aid in the development of landslide inventories from post-

event imagery, different subsets of features were created with increasing complexity to test
the performance of the logistic regression classification algorithm. All models used the
post-event RGB imagery, including Model 1 developed solely via RGB channels. Next, a
model that adds the optimal temporal change indices was tested (Model 2 = RGB +
Change). Next, a model that adds the optimal geospatial features was tested (Model 3 =
RGB + Geospatial). Next, a model that adds both optimal change indices and optimal
geospatial features was tested (Model 4 = RGB + Change + Geospatial). Then, Model 5

was tested via all available data (14 bands).
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Table 3 provides the classification accuracy results of different base models. Based
on the overall classification accuracy of the model applied on the testing data, as shown in
the table, the recommended model is Model 4 which uses RGB, selected change indices
(grayscale change, vegetation change, and HV amplitude difference), plus selected
geospatial features (geology, slope, precipitation, curvature, and landslide probability). The
proposed model 4 outperforms other models for most of the accuracy indices, especially
the overall testing accuracy (86.5%). The color imagery alone (Model 1 = RGB), proved
to have the worst performance among the models, relatively. Although, it is observed that
all models achieved a high level of learning and predictive performance, with some

variations related to the different inputs fed to the algorithm.
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Table 2-3. Classification performance results in different case models. (* is indicator of
selected high-ranked feature)

Overall Non-Landslide Landslide
e . Area Under Curve . .
Case Model Classification (AUC) Testing Testing
Accuracy % Accuracy % Accuracy %
No. Vanabl_e Channel Validation | Testing | Validation | Testing | TNR | NPV | TPR PPV
Categories | Number
1 RGB 3 85.00 82.48 0.92 0.89 82.85 | 82.04 | 82.11 | 82.92
RGB
2 6 86.39 83.90 0.93 0.91 85.08 | 82.33 | 82.79 | 85.47
Change*
RGB
3 8 87.95 86.13 0.94 0.93 87.06 | 84.99 | 85.25 | 87.29
Geospatial*
RGB
4 Change* 11 88.63 86.50 0.95 0.93 87.99 | 84.63 | 85.11 | 88.38
Geospatial*
All
5 14 88.64 86.44 0.95 0.93 87.91 | 8459 | 85.06 | 88.30
Channels

Table 4 shows the specifications of the logistic regression models developed for each of
the five case models with acceptable performances. The information includes the intercept
constant value and the coefficients of the different variables used within each model. It
should be noted again that the models were trained and developed using normalized data.
Model 4 (the preferred Model), as well as Models 3 and 5, have higher prediction accuracy,
compared to Models 1 and 2, which can be the result of using geospatial parameters,
especially the geology variable, which showed very high weights in the feature ranking
step. Among the Models 3, 4 and 5, the Model 3 has the lowest accuracy, probably because
of not exploiting the change information. Among Models 4 and 5, the preferred Model 4

has the superior performance, with slightly better accuracy results, compared to Model 5,
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which can be attributed to optimal feature selection in Model 4, compared to redundant
features in Model 5, leading to overfitting. The model parameters show small estimation
uncertainty based on the standard errors (SE) reported via Table 4, and all selected
variables are statistically significant based on the t-statistic for a two-sided test with the
null hypothesis that the coefficient is zero, and the near-zero associated p-values of the

hypothesis test.
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Table 2-4. Binomial Logistic Regression model specifications. “SE” in the table stands for
standard error, and “Coeff.” stands for model coefficient.

Model 1 Model 4
Variables Model 2 Model 3 Model 5
(Base RGB) (Preferred)

No. Name Coeff. SE Coeff. SE Coeff. SE Coeff. SE Coeff. SE
1 Intercept -1.756 0.006 -1.909 0.006 -2.249 0.007 -2.330 0.007 -2.337 0.007
2 Red 9.313 0.023 8.701 0.025 9.737 0.026 9.202 0.029 9.225 0.030
3 Green -12.583 | 0.031 | -12.156 | 0.033 | -11.956 | 0.033 | -11.635 | 0.035 | -11.569 | 0.035
4 Blue 3.468 0.018 3.160 0.019 2.558 0.020 2.356 0.021 2.278 0.022
5 Grayscale - - 0.354 0.006 - - 0.378 0.007 0.371 0.007

Change
6 Vegetation - - 0.350 0.006 - - 0.218 0.007 0.227 0.007
Change
HH Amp.
7 ) - - - - - - - - -0.115 0.004
Difference
HV Amp.
8 . P - - 0.193 0.004 - - 0.146 0.004 0.179 0.005
Difference
9 Geology - - - - 0.693 0.005 0.659 0.005 0.664 0.005
10 LandSI.lc.je - - - - 0.230 0.006 -0.334 0.006 -0.342 0.006
Probability

11 Slope - - - - 0.951 0.005 0.889 0.005 0.903 0.005
12 DEM - - - - - - - - -0.160 | 0.014
13 Aspect - - - - - - - - 0.068 | 0.005
14 Curvature - - - - -0.250 0.004 -0.248 0.004 -0.235 0.004
15 Precipitation - - - - -0.311 0.005 -0.258 0.005 -0.092 0.015
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The ROC curves showing testing accuracy of the preferred classification Model, as well as
other case Models are shown via Figure 12. According to the ROC curve analysis derived
from the testing phase, the Models 1 to 5 show good performance with the best accuracies
achieved by Models 4 and 5. Considering landslide class as the positive class, the preferred
Model 4 had a TPR of 85.1%, TNR of 88%, Precision of 88.4 %, Recall of 84.6 %, and F:
score of 86.46 %, which indicates a balanced high accuracy of prediction in both classes.
Investigating at the validation and testing accuracy indices in Table 4, no sign of either
overfitting or underfitting was observed, as the validation and testing accuracies were

close.
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Figure 2-12. ROC plots showing the superior performance of the Model 4. The preferred Model
4 has an AUC of 0.9343 which is slightly higher than Model 5.

2.5.3 Feature Importance
To assess the feature importance in the logistic regression model, the coefficients are

multiplied by the standard deviation of the data of the corresponding continuous variables.
Since the model was developed via normalized data with standard deviation of 1 for all of

the continuous variables, the feature importance index will be the same as the logistic
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regression model coefficients presented via Table 4. Thus, the results show that slope has
the highest importance among the selectable features (geospatial and change information),
followed by geology and grayscale change. Among the RGB color channels, the green

band is the most important, followed by red.

2.5.4 Final Mapping and Visualization

Although accuracy of the recommended Model 4 is acceptably high, the visualizations
show that there is slight over-prediction of landslide across the study area. However, the
extent of the predictions is still considerably better than the RGB-based Model 1, which
shows the improvement by visual inspection. To avoid the overprediction of the landslides,
the probability threshold of the logistic regression model output to define the classes was
investigated, and 0.70 was found to be the optimal threshold based on a trade-off between
the visual inspection of the landslide extent on the resulted maps and the accuracy of the
final map, compared to the ground-truth inventory provided by NIED (2016). Figure 13

shows the change in the accuracy of the model on final map prediction for each class.

As can be seen in Figure 13, the optimal probability threshold considering the
accuracy of predictions in both classes together is ~53.5 % with overall prediction accuracy
of ~85.7 % on the final map. However, increasing the probability threshold to ~70 %,
increases the overall prediction accuracy to ~91.5 %, while decreasing the landslide class
prediction accuracy to ~78.3 %. Although in leads to less overprediction of landslide

features based on the visual inspections as shown in Figure 14.

47



Accuracy Index %

Overall Accuracy
— Specifity (Non-Landslide)
Sensitivity (Landslide)

10

L L 1
] 10 20 30 40 50 B0 7o 80 90 100

Probability Threshold %

Figure 2-13. Optimal probability threshold selection plot. Increasing the probability threshold
from ~53.5 % to ~70 %, increases the overall prediction accuracy from ~85.7 % to ~91.5 %.

Figure 14 shows the outputs of Models 1 (Figure 14-a) and 4 (Figure 14-b) to
visualize the impact of adding change and geospatial information to the imagery for
classification. Additionally, the final output of the Model 4 based on the 0.70 threshold is
provided in the bottom of the Figure 14-c. The modeled maps include colors red (true
positive: correctly mapped landslides), yellow (false positive: wrongly mapped landslides),
and blue (false negative: missing landslide features, predicted as non-landslide). True

negative pixels (correctly predicted non-landslide) are not visualized.

The impact of the post-processing on the final map accuracy was investigated by
calculating the predicted map’s accuracy and comparing it with the ground-truth label. It
is concluded that the median filtering post-processing of the resulting landslide map
increases the map accuracy from 85.7% to 89.4% considering Model 4 output, and from

91.5% to 94 % when the 70% probability threshold is applied to the model output.
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Figure 2-14. Comparative maps of the landslides by Models 1 (a), Model 4 (b) and the Model 4
with 70% probability threshold (c). The maps show post-event imagery with predicted labels. The
modeled maps include colors red (true positive: correctly mapped landslides), yellow (false
positive: wrongly mapped landslides), and blue (false negative: missing landslide features,
predicted as non-landslide). Rows and columns as axes titles are indicators of pixel number (pixel
size is 0.5 m).
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Figure 15 shows detailed views of the landslide mapping approach presented in this study.
The examples show pre-event imagery, post-event imagery with ground-truth NIED
landslide labels via red polygons, the RGB-derived Model 1 output, and the final Model 4
output maps. The final Model 5 (with threshold) slightly tends to underpredict landslides
(f, 1, j) and overpredict non-landslides (c, h, j) in some regions, which is not necessarily a
weakness, given the extensive corrections (a, b, d, j) of the landslide over-prediction. In
addition, although the extent of landslides in some cases is smaller than the ground-truth

polygons (c, f, 1, j), the recognition of landslide features is considered acceptably good.

It is also visible among the detailed views that in some cases the deviation from the
NIED polygons (f) is not necessarily a model error, but a correction of weakly drawn
polygons. In addition, the visual quality checks performed on the polygon data showed that
they are not perfectly matching the imagery, and there are slight shifts in different
directions (g, h, i), which might impose some small error in the modeling process.
However, since the model is pixel-based, and the training pixels were collected randomly,
the feature boundary pixels with higher uncertainty remain minor in the training data, and
the classifier tends to learn to predict the majority of data precisely, neglecting minor
errors. This results in the model even correcting the shifted boundaries (g, h, i), which is a

benefit of pixel-based mapping.

In some cases, the original labels were not delineated carefully and contained some
portions of the non-landslide area (c, f, g). Thus, some of the errors could be related to that
issue. Many incorrect predictions by the Model 1 are shown to be resolved by the Model 4

(a, b, c, d, j). The preferred model shows removal of many incorrectly detected landslides
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by the 3-bands Model 1 (a, b, c, d, j). However, the preferred Model 4 still some wrongly
detected landslide feature predictions, many of which are due to harvested farmlands (c, j,
k), bare (non-vegetated) soils (d, ) and rivers when they change color due to containing

soil particles (k).
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Figure 2-15. Different examples of the landslide mapping approach presented in this study. The
examples show pre-event imagery, post-event imagery with ground-truth NIED landslide labels
via red polygons, the RGB-derived Model 1 output, and the final Model 4 output maps. The
modeled maps include colors red (true positive: correctly mapped landslides), yellow (false
positive: wrongly mapped landslides), and blue (false negative: missing landslide features,
predicted as non-landslide).

2.6 Conclusions and Future Works

This study introduces a data fusion machine learning approach for landslide inventory
development. Optical and SAR imagery as well as readily available geospatial inputs for
the region impacted by landslides due to the Kumamoto 2016 earthquakes were used within
a logistic regression model. A visually drawn landslide inventory, created by NIED of
Japan by investigating the post-event aerial imagery and satellite SAR data and pre-event
optical imagery, was used for training, validation, and testing data. Optical imagery
included pre-event satellite (DigitalGlobe) and post-event aerial (GSI) high-resolution
imagery. SAR imagery was also available for pre- and post-event from ALOS-2 satellite’s

PALSAR-2 sensor. Several change indices were tested including grayscale index change,
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vegetation index change, and temporal SAR amplitude change as additional predictive

inputs for pixel-wise landslide classification.

Based on the ROC-based feature ranking results, grayscale change, vegetation
change, and HV amplitude difference were included in the classification algorithm. To
enhance the performance of the model, geospatial data of related variables were also
evaluated including elevation, slope, aspect, curvature, landslide probability, precipitation,
and geology. Based on the conducted feature ranking analysis, five geospatial features with
the highest predictive ability were included in the classification algorithm, including, slope,
curvature, landslide probability, precipitation, and geology. Model development (training
and validation) data and testing data were randomly spatially sampled across distinct
regions. Using 10% of available landslide pixels and 0.4% of the non-landslide pixels from
the model development grid regions, a relatively small and balanced training dataset was

created.

The logistic regression classification across five different scenarios was tested: 1)
RGB; 2) RGB + Change; 3) RGB + Geospatial; 4) RGB + Change + Geospatial; and 5) all
variables regardless of feature ranking results. Comparing the outcomes of the logistic
regression classification models, the model trained and tested via 11 features (RGB plus
selected change and geospatial variables) outperformed the other case models and was
introduced as the preferred model. The feature importance analysis after training the
classifier showed that the slope and geology variables are the most important among

geospatial variables, green channel has the highest importance among RGB channels, and
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the grayscale change index has the highest importance among the change information

variables.

Given that this model was only developed by only 3.85% of the total pixels across
the region, a landslide inventory can be developed using a relatively small training dataset
with a short run-time due to the very high speed of logistic regression classification

modeling.

It is suggested that the methodology proposed in this research be tested on other
earthquake-triggered landslide events in Japan and other regions around the globe.
Additional informative bands might be still beneficial to the landslide modeling,
including landcover data, Near-Infrared and other bands of the multi-spectral sensors, etc.
In addition, feature transformation and engineering, as well as dimensionality reduction
techniques are worthy of investigation. The other direction of research could be to try
model via deep learning algorithms such as convolutional neural networks (CNN) on the
same datasets to analyze the comparative classification performance using post-event

images with and without additional parameters used in this research.
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3.1 Abstract

Soil liquefaction often occurs as a secondary hazard during earthquakes and can lead to
significant structural and infrastructure damage. Liquefaction is most often documented
through field reconnaissance and recorded as point locations. Complete liquefaction
inventories across the impacted area are rare but valuable for developing empirical
liquefaction prediction models. Remote sensing analysis can be used to rapidly produce the
full spatial extent of liquefaction ejecta after an event to inform and supplement field
investigations. Visually labeling liquefaction ejecta from remotely sensed imagery is time-
consuming, and prone to human error and inconsistency. This study uses a partially labeled
liquefaction inventory created from visual annotations by experts and proposes a pixel-
based approach to detect unlabeled liquefaction using advanced machine learning and
image processing techniques, and to generate an augmented inventory of liquefaction
ejecta with high spatial completeness. The proposed methodology is applied to aerial
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imagery taken from the 2011 Christchurch earthquake and considers the available partial
liquefaction labels as high-certainty liquefaction features. This study consists of two
specific comparative analyses: 1) to tackle the limited availability of labeled data and their
spatial incompleteness, a semi-supervised self-training classification via linear
discriminant analysis is presented, and the performance of the semi-supervised learning
approach is compared with supervised learning classification; 2) post-event aerial image is
used to extract color transformation bands, statistical indices, texture components from the
RGB (red-green-blue) channels, and dimensionality reduction outputs, and performance of
the semi-supervised model with different combinations of selected features from these four
groups are compared. Building footprints are also used as the only non-imagery geospatial
information to improve classification accuracy by masking out building roofs from the
classification process. To prepare the multi-class labeled data, regions of interest (ROIS)
were drawn to collect samples of seven landcover and land use classes. The labeled samples
of liquefaction were also clustered into two groups (dark and light) using the Fuzzy c-
means clustering algorithm to split the liquefaction pixels into two classes. Comparing the
generated maps with fully and manually labeled liquefaction data, showed that the
proposed semi-supervised method performs best, when selected high-ranked features of
the two groups of statistical indices (gradient weight and sum of the band squares) and
dimensionality reduction outputs (first and second principal components) are used. It also
outperforms supervised learning, and can better augment the liquefaction labels across the

image in terms of spatial completeness.
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3.2 Introduction
Liquefaction is a type of ground failure in which increased pore pressure in granular

soil reduces effective stress and can result in ejected silt to fine sand and water, settlement,
lateral spreading resulting in cracking, and/or bearing capacity failure. Surface
manifestations of liquefaction, including ejecta, settlements, and cracking due to lateral
settlements, are often identified during field reconnaissance after earthquake events as
evidence of liquefaction in the subsurface. These surface manifestations of liquefaction are
associated with liquefiable sediments in the upper few meters (van Ballegooy et al. 2014).
In developing semi-empirical and empirical models for liquefaction prediction such as
those commonly used in practice and regional models used in rapid response and loss
estimation, liquefaction inventories are used. These inventories generally provide locations
as points or polygons of observed liquefaction occurrence. Most often, the liquefaction

occurrence is equivalent to the existence of a surface manifestation of liquefaction.

Existing liquefaction inventories are generally presented as binary labels (either the
location had evidence of liquefaction (1) or did not have evidence of liquefaction (0)) such
as the Next Generation Liquefaction (NGL) project discussed by Brandenberg et al. (2020).
Other efforts have proposed an alternate liquefaction inventory format, including several
recent Geotechnical Extreme Events Reconnaissance (GEER) Association efforts which
result in near spatially complete polygon-based maps of liquefaction occurrence (Stewart
et al., 2019; Zimmaro et al., 2019; Ponti et al., 2020; Allstadt and Thompson, 2021).
Rashidian et al. (2020) have also developed inventories that map the spatial extent of
liquefaction by providing polygons around ejecta and surface cracking. A spatially

complete and unbiased catalog of liquefaction occurrence is critical for validating and
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refining existing regional models for liquefaction occurrence (Zhu et al., 2015 & 2017).
Alternatively, light detection and ranging (LIiDAR) datasets of surface settlements as a
more quantitative measure of liquefaction have also been used (Sharifi-Mood et al., 2018;
Kajihara et al., 2020). A benefit of these alternate liquefaction inventories is an estimate of
the scale of liquefaction which is necessary to map impact and fragility. This paper
examines an efficient way to develop a spatial inventory of liquefaction surface

manifestations using aerial imagery.

Liquefaction (ejecta, cracking, etc.) can be identified at a regional scale using satellite
optical imagery or high-resolution aerial imagery in a site-specific manner (Rathje and
Franke, 2016). The liquefaction identification can be made by visual interpretation of post-
event images (Ghosh et al., 2011; CGD, 2013; Rollins et al., 2014) or by inspection of both
pre- and post-event images (Hamada et al., 1987). However, any visual process can be
tedious even for an expert and take a significant amount of time, sometimes resulting in
incomplete and spatially limited datasets. In addition, this approach can be highly
inconsistent because it depends on the experience and judgment of human inspectors and
other contributing factors such as data quality and resolution. Thus, automated liquefaction
detection methods are needed to provide consistent, spatially complete liquefaction

inventory datasets after major earthquakes.

Automated mapping methods can be developed based on pairs of pre-event and post-
event data or post-event data only. Satellite multispectral near-Infrared (NIR) and short-
wave Infrared (SWIR) bands provide essential information about landcover types, which

can be helpful for identifying liquefaction ejecta (Ramakrishnan et al., 2006; Sengar et al.,
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2012-b; Oommen et al., 2013; Morgenroth et al., 2016; Rathje and Franke, 2016; Baik et
al., 2019; Rashidian et al., 2020). Change detection methods use pairs of pre-event and
post-event imagery for liquefaction detection (Ramakrishnan et al., 2006; Saraf et al., 2010;
Ishitsuka et al., 2012; Baik et al., 2019). These methods are seensitive to image acquisition
orientations of satellites, different light and weather conditions, seasonal variations,
resolution mismatch, cloud coverage of pre- or post-event images, etc. As an alternative,
post-event optical imagery can be used to map liquefaction using supervised learning
algorithms, including advanced machine learning (Bi et al., 2019; Njock et al., 2020) and
deep learning-based methods (Haciefendioglu et al., 2021; Zhang et al., 2023). Successful
deployment of supervised learning techniques depends on the availability, quantity, and

quality of labeled (annotated) data.

In this research, semi-supervised learning as an alternative mapping strategy for
developing liquefaction inventories is demonstrated. Semi-supervised self-training
methods are helpful when datasets are partially labeled. Such algorithms alleviate the
requirement of large-scale labeled data, by learning from the labeled data (like supervised
learning algorithms) and from the unlabeled data to capture the patterns within the dataset.
This improves the generalizability of the model to other feature types, which have limited

or no presence in the labeled portion of the data.

Semi-supervised algorithms have been used for several applications, including
semantic image segmentation (Feng et al., 2022), especially the segmentation of medical
images (Chen et al., 2022). Semi-supervised learning has been proven to reduce data

labeling labor work and to improve predictive accuracy with additional unlabeled data in
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image classification frameworks (Wu et al., 2017; Chen et al., 2022). Oludare et al. (2021)
have shown the superior performance of semi-supervised learning for post-disaster

building damage assessment via pre- and post-event satellite imagery.

Within the semi-supervised algorithm, this research will leverage the benefits of
various image transformations to the color channels. Texture analysis and statistical
measurements of color channels have been used for feature extraction to detect raveling in
asphalt pavements (Tong et al., 2018; Nhat-Duc and Van-Duc, 2023). Crack detection on
asphalts based on texture properties is also investigated by Abdelkader (2021). The benefit
of using color, morphological and textural indices is also reported for multi-class vision-
based rock type classification (Chatterjee, 2012) and lithological mapping by optimal
integration of such characteristics with multi-sensor remote sensing data (Kumar et al.,
2021). Dumitru et al. (2015) have also used texture indices to flood damage mapping. The
color and textural features of the image were used for liquefaction detection via the
implementation of tile-based deep convolutional neural networks (Haciefendioglu et al.,
2021; Zhang et al., 2023). This research will explore these methods in a pixel-based

classification approach.

Rashidian et al. (2020) demonstrated that building roofs are highly variable in terms
of colors and materials. As a result, they have a high spectral variation that makes it
challenging to discriminate roofs from other classes in a pixel-wise classification
framework due to the overlap with other classes. Using a building footprint mask to remove
buildings from the classification process has increased accuracy significantly in the

liquefaction mapping study by Rashidian et al. (2020). Thus, this study also uses building
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footprints as prior known geospatial information to exclude buildings and improve

classification results.

This study demonstrates a semi-supervised self-training classification for developing
a spatially complete and consistent liquefaction inventory using a limited set of labeled
liquefaction polygons and high-resolution aerial imagery. Because high-resolution aerial
imagery only has three color bands (Red, Green, and Blue), data transformations across
four categories (color transformations, texture analysis, statistical indices, and
dimensionality reduction techniques) are leveraged to increase the information content.
This method, which uses semi-supervised learning and imaged-derived information to
detect liquefaction for the first time, is compared to a simpler supervised learning approach.
Using the results of this study, a spatially complete and consistent liquefaction inventory
can be created. The augmented liquefaction map of the studied area in this research is

provided as a digital supplementary material of this paper.

3.3 Data and Methods

3.3.1 Datasets
3.3.1.1 Region of Study
The February 22, 2011 (MWS®6.2) Christchurch earthquake struck directly beneath

Christchurch City. Although of smaller magnitude than the Darfield earthquake in 2010,
the Christchurch earthquake caused more substantial damage in northern and eastern
Christchurch (Cubrinovski et al., 2011), partly because of its proximity to the city but also
because it was directly beneath the liquefaction-prone land. Examination of the aerial and

satellite images and extensive ground surveys has confirmed the presence of widespread
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liquefaction in rural areas and the Christchurch urban area (Green et al., 2014; Orense et

al., 2014; Geyin et al., 2021).

3.3.1.2 Imagery
The aerial imagery used in this research study comprises three spectral (color) bands (RGB)

with a very high spatial resolution (10 cm). On February 24, 2011 (2 days after the
earthquake), they were captured by New Zealand Aerial Mapping (NZAM) at 1700 m
above the earth's surface using the UltraCam XP digital aerial camera. The 1,785 ortho-
rectified RGB GeoTIFF imagery published by LINZ (2011) represents a ground surface
area of 33.3 ha in Christchurch. The size of each vertical image tile is 7200-by-4800 pixels
(720-by-480 meters). Figure 1 shows the locations of the tiles used in this paper, and Figure
2 shows the tiles in a close view. The tile shown in Figure 2-a is used for model

development and evaluation. Then, the same approach is applied to the tile in Figure 2-b.
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Figure 3-1. The location of the two aerial image tiles used in this study in the city of
Christchurch, New Zealand. The resolution of the images is 10 centimeters, and each tile is 720-
by-480 meters in size. The image tiles are all projected to the New Zealand Transverse Mercator
(NZTM) system. The left and right images are shown in detail via Figures 2-a and 2-b,
respectively.
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Figure 3-2. a) The image tile used for model development and evaluation. b) The image
tile used for further model application. Both tiles have a resolution of 10 centimeters, and

each tile is 720-by-480 meters in size. Linear stretching is performed on the image for
better visualization contrast.

3.3.1.3 Liquefaction Labels
Liquefaction inventories have historically been developed from field investigations

(Stewart et al., 2019; Allstadt and Thompson, 2021) and visual labeling of satellite and
aerial imagery (Townsend et al., 2016; Zimmaro et al., 2019). The lack of a standardized
protocol for documenting earthquake-induced ground failure creates uncertainties in how
surface manifestations are mapped. Liquefaction surface manifestations vary in shape, size,
and color. Townsend et al. (2016) is a polygon-based liquefaction inventory that includes

the 2011 Christchurch earthquake. The Townsend et al. (2016) inventory includes large-
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scale polygon delineations to show the broad extent of liquefaction-induced impact but
does not mimic the individual surface manifestations (e.g., ejecta).

Sanon et al. (2023) have developed an alternative polygon-based inventory that also
includes the 2011 Christchurch earthquake. The Sanon et al. (2023) inventory is based on
the delineation of individual liquefaction surface manifestation to use the inventory to train
computer-vision-based algorithms. Sanon et al. (2023) discuss the challenges and
limitations of creating a consistent and spatially complete inventory. One rule in the Sanon
et al. (2023) inventory is only to include liquefaction labels that are identified with high
certainty and sufficient visibility of boundaries. They have also only delineated
liquefaction occurrences which appeared to be in their original form, not the piled
liquefaction ejecta on the roadsides (Sanon et al., 2023). As a result, the Sanon et al. (2023)
inventory is a partially labeled, spatially incomplete inventory of liquefaction surface
manifestations with high quality and certainty.

An accuracy assessment of the model is performed on the tile in Figure 3-a, which
shows the labels by Sanon et al. (2023) overlaying the image tile presented in Figure 2-a
(model evaluation tile). To calculate the model accuracy in this study, the spatially
complete labels are created by manually drawing polygons (Figure 3-b). As Sanon et al.
(2023) discussed, visual labeling of liquefaction has inherent uncertainty due to the
ambiguity of boundaries and the inconsistency between labelers. Thus, to minimize human
inconsistency, a single expert labeled the entire model validation tile (Figure 3-b). This
study aims to use the high-certainty liquefaction polygons labeled by Sanon et al. (2023)

in Figure 3-a to map the unlabeled portion of the tile using semi-supervised learning
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methods to augment the partially labeled liquefaction data into a spatially complete and

consistent inventory.

0 1000 1500 2000 2500 3000 . 3500 4000 4500
Column
(a) (c)

Figure 3-3. a) The image tile used for model development and evaluation with Sanon et al.
(2023) liquefaction polygons (in red) overlayed. b) The image tile with a full label (in magenta)
created for the purpose of model validation in this study. ¢) The image tile used for model
application with Sanon et al. (2023) liquefaction polygons (in red) overlayed.

The Sanon et al. (2023) labels used in this study (Figure 3-a,c), as well as the validation
labels created in this study (Figure 3-b), are summarized in Table 1. Model application is
evaluated on a second tile, as shown in Figure 3-c with the labels from Sanon et al. (2023).
The model application tile has been labeled by a different person than labeled the model
evaluation tile (Sanon et al., 2023). The model application tile is used to apply the same
method performed on the model development tile without validating the resulting map via
ground-truth validation data. Visual inspection of the polygon labels in the two tiles (Figure
3-a,c) shows differences in the labeling strategies by different experts. This is an indicator

of inconsistencies resulting from human labeling.
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Table 3-1. Spatial coverage of the polygons used per image tile.

Area Coverage

Model Evaluation Tile

Model Application Tile

Sanon et al. (2023) Validation Label Sanon et al. (2023)
Total Extent (m?) ~9,919 ~ 44,513 ~ 38,500
Percentage of Tile 2.87 % 12.88 % 11.14 %

3.3.1.4 Building Footprints

This study uses building footprints as prior known geospatial information to exclude
buildings and improve classification results, based on the recommendation made by
Rashidian et al. (2020). The geospatial layer of building footprints used in this study was
created by New Zealand Aerial Mapping (NZAM). The dataset has some errors (identified
from visual inspection) resulting from change in land use since the building footprints were
created, mismatch of building boundaries compared to the imagery used, or incompleteness
of the building footprints (missing building polygons). For the tiles used in this research,
and to enhance the validation process, a few building polygons were created to improve

the accuracy and completeness of the building footprint. Figure 4 shows the building

footprints used in this study to mask the buildings from the imagery.
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Figure 3-4. Building footprints (in yellow) created by NZAM, used to mask out the buildings in
this study. The version showed in this figure was modified by adding a few polygons for missing
buildings and removing some polygons for which no building was observed in the imagery.

3.3.1.5 Land Use and Land Cover ROIs
High-quality training data are collected by drawing region of interest (ROI) polygons over

seven different land covers and land use, including trees, vegetation, soil, water, shadow,
roads, and pavements/driveways. Drawing ROIs was done via ArcGIS Pro using the
polygon drawing tool in a way that the boundary of the polygons is inside the boundary of
the object of interest, so no mixed pixels or out-of-class pixels are sampled for that class.
It is recommended that enough ROIs be drawn to cover the most possible range of pixel

values for each class of objects in the tile.
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3.3.2 Methodology

The proposed methodology presented in this study uses color, statistical, and texture
transformations on high-resolution aerial imagery and dimensionality reduction techniques
to create a multi-band dataset from a three-band color image. The flowchart of the
methodology is provided in Figure 5. The high certainty spatially incomplete liquefaction
labels combined with spatially incomplete labels for seven additional land cover and land
use classes sampled by ROIs and a complete building footprints mask are used as input
data. The building footprint is used to mask the building pixels, so they are not included in
the training process. Rashidian et al. (2020) observed that liquefaction surface
manifestations present as light-colored (dry sand) and dark-colored (wet sand). Thus, the
approach also includes Fuzzy C-Means clustering to create two liquefaction label clusters.
The Fuzzy approach is chosen to remove outliers and mixed pixels from the liquefaction
classes based on an individual pixel having a low probability of belonging to either of the
two liquefaction classes. The model is evaluated using accuracy statistics for the labels
based on a second dataset of spatially complete liquefaction labels (Figure 3-b). The
minimum Redundancy Maximum Relevance (MRMR) method is used to identify relevant
color, statistical, and texture transformations from the imagery, plus the best outputs of
dimensionality reduction techniques to separate the 9 classes (2 liquefaction and 7
landcovers). Finally, a semi-supervised linear discriminant analysis classifier is trained to
classify the unlabeled portion of the partially labeled image. A few combinations of
features are tested, and the preferred model with the best set of selected features is

introduced. The steps of the methodology are discussed below.
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Figure 3-5. Flowchart of the proposed method, showing how multi-band multi-class
labeled data are created and fed to the semi-supervised learning method to complete the
partially labeled liquefaction data.

3.3.2.1 Fuzzy C-Means Clustering of Liquefaction Data
The liquefaction labels in the training dataset are visually developed based on expert

knowledge. Rashidian et al. (2020) discovered that the surface effects of liquefaction are
bimodal in terms of spectral signature and hence should be classed as either wet (darker)
or dry (lighter) liquefaction. This is because the water content of these two types differs.
Thus, we have considered creating two liquefaction labels using clustering methods based
on the spectral characteristics of liquefaction. Sanon et al. (2023) also discussed that the
liquefaction ejecta boundaries, which are hand drawn by the expert as polygons, are
uncertain, resulting in imperfect labels, also known as out-of-class or mixed pixels.
Particularly in coarse spatial resolution imagery, pixels may be a mix of two or more
classes, introducing uncertainty and ambiguity into the labels. Soft classification

approaches to aid in assessing uncertainties and ambiguity in transition zones between
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different types of land cover (Sengar et al., 2012-a). Fuzzy logic is a soft classification
approach which can be used to extract a single land cover class from out-of-class or mixed
pixels. Thus, in this research, Fuzzy C-Means (FCM) clustering method is used to convert
the liquefaction labels to a binary liquefaction label and to improve the labels for the out-
of-class and mixed pixels.

Fuzzy C-Means (FCM) is a clustering technique where each data point belongs to
a cluster with some degree specified by a membership grade, and the sum of the
memberships for each pixel must be equal to 1 (Bezdek, 1981). FCM allows each data
point to belong to multiple clusters with varying degrees of membership. By iteratively
updating the cluster centers and the membership scores for each data point, FCM moves
the cluster centers to the right location within a data set. This iteration is based on
minimizing an objective function representing the distance from any given data point to a
cluster center weighted by that data point's membership grade. The result of this step in the
methodology is to have a more consistent set of training labels, including, two classes of
liquefaction. After running the fuzzy clustering, a probability threshold of 0.55 was used
to filter out the low certainty pixels from the labeled liquefaction data of each class (dark
and light). The threshold is chosen to be low enough to only remove very low probability

pixels in terms of belonging to either class.

3.3.2.2 Feature Extraction from RGB Image
RGB wavelengths are highly correlated and thus contain limited spectral

information. In this research, applying a variety of image processing, analysis, and
transformation techniques is considered to include additional information which can be

beneficial in finding new liquefaction features. Table 2 provides a brief overview of the
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feature extraction techniques used in this study, categorized into 4 groups of color
transformations (3 features with 10 total bands), texture analysis (4 features with 7 total
bands), statistical indices (7 features with 7 total bands) and dimensionality reduction

techniques (3 features with 7 total bands).

Common applications of indices derived from multi-band remote sensing images
have been to reduce topography and illumination differences within temporal remote
sensing images, and to enhance a certain class of interest, such as minerals, water, and
soil content. When generating indices from an image, remote sensing data dimensionality
is indirectly reduced to one, for instance, signifying a specific feature or matter (Sengar et
al., 2012-a). These additional bands are extracted information contained in the original

RGB; they are showing uncorrelated information in a new set of bands.

The color transformation features extracted from the image include Hue-Saturation-
Value (HSV), decorrelation stretch, and cyan-magenta-yellow-black (CMYK). Color
transformations have been used previously to improve the mapping of objects of interest
via remote sensing data, for instance, to map Maize plants (Gnadinger and Schmidhalter,
2017). The texture analysis techniques considered in this research include convolution and
correlation filters, Gabor filters, and wavelet transformation. The statistical indices
presented in Table 2 include entropy, gradient weight, sum of squares, mean absolute
deviation, variance, standard deviation, and range filters. This study uses grayscale
transformation, Minimum Noise Fraction (MNF) rotation transforms, and Principal
Component Analysis (PCA) techniques as dimensionality techniques. Texture

transformation, statistical analysis, and dimensionality reduction techniques have also been
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used previously to detect objects of interest via remote sensing data, for instance, to map

leafless trees in plantations (Khorrami et al., 2022).

Table 3-2. Extracted features used in the study.

at each position to create a new filtered output image.

>
-
S
@D No. Feature Bands Description Reference
S
5 &
S g 1 RGB 3 Red-Blue-Green components of the visible spectrum | NZAM (2011)
Saturation (chroma) — the intensity or purity of a hue
Brightness (value) — the relative degree of black or white .
0 2 HSV 3 . . . Smith (1978)
5 mixed with a given hue
E‘S Hue — another word for color
S
L@ . A linear, pixel-wise operation for visual enhancement )
S Decorrelation Stéphane
& 3 3 Output =T * (Input - mean) + mean
= Stretch . . . (2009)
% T = Transformation Matrix (Covariance-derived)
o
C, M, Y, and K represent the Cyan, Magenta, Yellow and
4 CMYK 4 . Kang (1999)
Black components of the CMYK color space image.
= Single-band derivation of the RGB channels Burger and
g 5 Grayscale 1
'g Grayscale = (0.2898xR) + (0.5870xG) + (0.1140xB) Burge (2010)
©
& The three variance-based principal components derived .
= 6 PCA 3 Jolliffe (2002)
= from RGB
]
g Minimum Noise Fraction rotation transforms are used to
g determine the inherent dimensionality of image data, to |Boardman and
g 7 MNF 3
A segregate noise in the data, and to reduce the Kruse (1994)
computational requirements for processing.
A filter bank representing a linear Gabor filter that is Jain and
8 Gabor Filter 4 sensitive to textures with a specified wavelength and Farrokhnia
orientation. (1991)
- Single-level discrete 2-D wavelet transform derived by
2 Wavelet taking the tensor products of the one-dimensional wavelet]
S avele
g 9 1 and scaling functions, leading to decomposition of 4 | Meyer (1995)
< Transform o o
v components. The approximation coefficients are used as a
'>E< single band.
&
convolution is used to apply filters to an image. A filter
10 Convolution , (kernel function) is a small matrix of numbers, which is |Gonzalez et al.
Filter slid over an image, performing a mathematical operation (2003)
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GLCM-derived Correlation as a measure of how

Correlation Haralick et al.
11 . 1 correlated a pixel is to its neighbor over the whole image.
Filter (1973)
Range =[-11]
Local entropy of grayscale image (Intensity). Gonzalez et al.
12 Entropy 1 . o
Entropy is a statistical measure of Randomness (2003)

Calculates pixel weight for each pixel in the image based

g
2
£ 13 Gradient 1 on the gradient magnitude at that pixel and returns the (Gonzalez et al.
E Weight weight array. The weight of a pixel is inversely related to (2003)
§ :!;- the gradient values at the pixel.
3 5] Std. Deviation L . .
g o | 14 . 1 Local standard deviation of the image pixels -
= — Filter
-2
'{% 15 | Range Filter 1 Local range of image pixels (Min - Max) -
oy
Mean Abs. . L.
s | 16 o 1 Pixel-based mean absolute deviation of the color bands -
= Deviation
.g
o | 17 Variance 1 Pixel-based variance of the color bands -
E
[
18 |Sum of Squares| 1 Pixel-based sum of squares of the color bands -

Total number of indices (excluding RGB) =17  Total number of bands (excluding RGB) =31

3.3.2.3 Feature Ranking and Selection
The color, statistical, and texture transformations and dimensionality reduction outputs are

stacked for the training image and sampled at the locations of updated liquefaction labels
and the pixels with ROI labels, and the building pixels are removed. The multi-band
stacked dataset is then normalized before being fed to the semi-supervised classification
algorithm. Normalization significantly reduces the impact of data range on the final
liquefaction prediction model and increases the processing and convergence speed (Rojas
1996). Using the mean (p) and standard deviation (o) of individual features, data of all
features are normalized using Equation 1.
zi=(x;—w/o 1)
The machine learning-based classification algorithm proposed in this study is
designed to not only learn from the RGB channels of the imagery but also analyze the

extracted color, texture, statistical and dimensionality reduction output bands. Due to a
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large number of bands, a feature ranking/selection method is required to find the most
relevant features. Feature selection is required to avoid redundancy and irrelevance by
removing low-weight features. The higher the feature weight, the better the feature can
separate the classes.

The methodology used herein implements the Minimum Redundancy Maximum
Relevance (MRMR) method (Ding and Peng, 2005), which is used to identify important
predictors for the multi-class classification problem. The MRMR algorithm finds an
optimal set of mutually and maximally dissimilar features that can represent the response
variable effectively. The algorithm minimizes the redundancy and maximizes the relevance
of the feature set to the response variable. The algorithm quantifies the redundancy and
relevance heuristically using the mutual information of variables, which means pairwise
mutual information of the features and mutual information of each feature and the binary
response. The mutual information between two variables measures how much uncertainty
of one variable can be reduced by knowing the other variable. The MRMR algorithm uses
this definition to compute the mutual information values used in its iterative process to
rank the features by their classification importance (Darbellay and Vajda, 1999).

The MRMR algorithm in this study used all land use and landcover classes, plus
the two liquefaction classes (9 classes in total), and ranks feature by the following steps:
1) Selecting the feature with the highest relevance to start creating the list of important
features; 2) Finding features with non-zero relevance and zero redundancy complementing
the feature chosen in step 1 and adding the most relevant feature to the list of selected
features. If none of the features in this step has zero redundancy, the most relevant feature
among none-zero redundancy features will be selected; 3) Repeating step 2 until no feature
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with zero redundancy remains among the unselected ones; 4) Selecting the most relevant
feature among none-zero redundancy features, and adding it to the selected list; 5)
Repeating step 4 until all unselected features have zero relevance; and finally, 6) adding
zero relevance features to the list of selected features in a random order as low-ranked
features.

The MRMR feature ranking is done separately on each of the 4 categories of
features extracted, and the selection of features to be used for the classification step is
conditioned to being among the high weight features by investigating the change in the
slope of the curve after plotting the feature weights, and choosing the features showing the
considerable contribution to class separability. Additionally, to avoid redundancy in
features used, a cap of two features per feature category is considered in this study. Then,
the high-ranked features per category are added to the RGB channels to evaluate the
performance of the classification model. Finally the preferred combination of features is

introduced based on the accuracy results.

3.3.2.4 Semi-Supervised Self-Training Classification via Linear Discriminant
Analysis

After feature selection, the semi-supervised classification model for liquefaction prediction
is developed. The classifier was trained to distinguish liquefaction (two classes) and non-
liquefaction (7 classes) pixels using the selected non-color features alongside the color
imagery. Semi-supervised learning combines aspects of supervised learning, where all the

training data is labeled, and unsupervised learning, where true labels are unknown.

Discriminant analysis is used as the semi-supervised classification method, which

assumes that different classes generate data based on different Gaussian distributions
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(Fisher, 1936). To train the classifier, the fitting function estimates the parameters of a
Gaussian distribution for each class and finds the smallest calculated misclassification cost
to predict classes of new (unlabeled) data. The linear discriminant analysis (LDA) used in
this research computes the sample mean of each class. Then it computes the sample
covariance by first subtracting the sample mean of each class from the observations of that

class and taking the empirical covariance matrix of the result (Guo et al., 2007).

The semi-supervised algorithm proposed herein iteratively trains a LDAs classifier.
This iterative process is called self-training. First, the function trains the LDA classifier on
the labeled data alone and then uses that classifier to make label predictions for the
unlabeled data. At each iteration, the algorithm calculates scores for the predictions. Then
it treats the high-probability predictions as true labels (pseudo-labels) for the next training
iteration of the classifier if the scores are above a certain threshold. This process repeats

until the label predictions converge and all pixels are labeled (final labels).

Since the proposed method is pixel-based, a post-processing step is performed
following the classification to avoid pixelated output maps, remove noise, and smooth the
boundaries of predicted features. The median filtering approach is used in the post-
processing step with a window size of 15-by15 pixels, which is considered as neither very
small nor very large compared to the size of the liquefaction features. It should be noted
that masking the buildings was a pre-processing step which masks building pixels from the
beginning, while median filtering is a post-processing step in this study, which removes
noise and isolated liquefaction predictions from the final binarized liquefaction/non-

liquefaction map.
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3.3.2.5 Model Evaluation and Comparative Analysis
After running the classification using the self-trained classifier on the whole image, except

pixels within buildings footprints, the model is evaluated based on the binary liquefaction
labels. The binary classification includes liquefaction as the positive class, and the
confusion matrix specifies the predictions of each sample by one of the four categories,
including true positive (TP), true negative (TN), false positive (FP), and false negative
(FN). The TP and TN represent that liquefaction (1) and non-liquefaction (0) are correctly
classified, respectively, whereas FP represents that Non-Liquefaction is misclassified as
Liquefaction, and FN represents the cases that Liquefaction is misclassified as Non-
Liquefaction class.

The accuracy indices used to compare the different models include precision, recall,
F1 score, and overall accuracy. The proportion of correctly classified observations in the
positive (liquefaction) class is referred to as the Positive Predictive Values (PPV) or
precision. A high precision indicates that the model has a high probability of correctly
classifying positive samples. The recall or Negative Predictive Value (NPV) is the
proportion of correctly classified observations in the negative (non-landslide) class. While
the recall explains how sensitive the model is to identifying actual positive samples, it also
quantifies the probability of detecting actual positive samples. Because precision and recall
assess different aspects of the model, an index that combines the two is also used. The F1
score is the harmonic mean of the precision and recall, where an F1 score reaches its best
value at 1 and worst at 0. The precision, recall, and F1 score formulas are provided via

Equations 2 to 4.

Precision =TP/(TP + FP) (2)
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Recall =TN/(TN + FN) 3)

F1 Score = (2 X Precission X Recall)/(recission + Recall) 4)
Different models are tested for liquefaction classification performance in this study. First,
4 different models based on high-ranked features extracted from the 4 categories of
extracted features are evaluated and compared with the model only using RGB channels.
Then, features from the categories with improved classification performance are combined,
and the classification performance is again compared with the other models, including the
one only using RGB. Finally, the preferred model is presented, and its performance is also
compared with a supervised learning approach using the same linear discriminant analysis

method to investigate the impact of the semi-supervised learning approach.

3.4 Results and Discussion

3.4.1 Training Data
The training data includes the two clusters of liquefaction pixels and the seven sets of ROI

pixels. Figure 6 shows an example of the clustered liquefaction pixels, demonstrating how
the Fuzzy approach helps detect and remove low-probability pixels. In Figure 6-a, the
liquefaction ejecta has been traced within polygons as part of Sanon et al. (2023). The
pixels within those polygons are included as training data and used in the Fuzzy-C Means
clustering. In Figure 6-b, the results of the Fuzzy-C Means clustering are shown, the non-
liquefaction pixels on the running path were omitted successfully. The liquefaction clusters
are grouped into dark and light liquefaction ejecta. The performance of the algorithm in
clustering the dark and light liquefaction pixels is visually acceptable. At the end of this
step, the training data for liquefaction are more consistent and clustered based on pixel-

based spectral properties.
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Figure 3-6. a) An example of the liquefaction ejecta polygons drawn by Sanon et al.
(2023). b) Fuzzy C-Means clustering results for the example image tile with dark and
light liquefaction. The dark red and orange colors are indicators of dark and light
liquefaction, respectively. Uncertain pixels are removed from liquefaction training data
based on their low probability of belonging to any of the dark or light liquefaction
classes.

Representative ROIs (polygons) were drawn for 7 classes over the image tiles, as
presented in Figure 7. In Figure 8, box plots of the RGB channels of collected data of these
seven classes are compared with the clustered liquefaction pixels and pixels located within
the building footprints (which are not used in the classification process). It is observed that
the buildings have the widest range of values among the classes, overlapping with multiple
classes. This reconfirms the benefit of masking out the buildings from training data.
Shadow pixels, as expected, have the lowest mean among the classes and are the closest to
the class of trees.

From a class separability point of view, considering the box plot quantiles and the
RGB mean line, the closest classes are the classes of roads and pavements/driveways.
Although the class of pavements/driveways has a wider range of values, and the median
values of the individual RGB channels have some degree of deviation. At the same time,

the RGB means to have a slight difference. It should be noted that even if these two classes
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would have similarities, confusing the classifier in distinguishing them, it should not be
harmful to the final performance of the model based on the purpose of this study, which is
liquefaction detection, especially since the RGB mean of liquefaction classes (dark and
light liquefaction) are sufficiently different from these two classes (roads and
pavements/driveways)

There are some notable observations in Figure 9 about the two liquefaction classes.
The light liquefaction class has the highest pixel values on average compared to the other
classes. The median values of the individual RGB channels in the light liquefaction class
are even higher than the 75th percentiles of all other classes, including the class of buildings
in which bright roof pixels are common. The RGB mean of the dark liquefaction class is
closest to the RGB mean of the soil class; however, looking at the individual box plots of
their RGB channels, a difference is observed in terms of the distance between the medians
of the channels within each class of dark liquefaction and soil. Another observation is that
while for the trees and vegetation classes, the green channels have higher median values,
the red channel dominates all the other classes in this sense. Since some liquefaction pixels

are in vegetated areas, this might be a helpful distinguishment aspect.
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Figure 3-7. The drawn ROlIs to collect training data for different land use and landcover
classes on the two used tiles in this paper, including trees (dark green), vegetation (light
green), soil (light brown), shadow (pink), water (light blue), roads (black), and pavements

/ driveways (dark blue).
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Figure 3-8. Comparative box plots of the individual RGB channels per class. The mean of
RGB channels of each class is alco calculated and plotted on the figure using magenta
color.

3.4.2 Feature Extraction and Ranking
Visualizations of the extracted features are provided via Figures 9 to 12 for a small region

within the model development tile (Figure 3-a) categorized by color transformations
(Figure 9), texture analysis (Figure 10), statistical indices (Figure 11), and dimensionality

reduction techniques (Figure 12).
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Figure 3-9. Features extraction outputs via color transformation techniques: a) The RGB image
with Sanon et al. (2023) polygons (in red) and validation polygons used in this study (in
magenta); b, ¢, d) Hue, Saturation, and Value bands of HSV transformation, respectively; e, f, g)
Decorrelation stretch bands 1, 2 and 3, respectively; h) Cyan; i) Magenta; j) Yellow; and k)
Black.
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Low

Figure 3-10. Features extraction outputs via texture analysis techniques: a) The RGB image with
Sanon et al. (2023) polygons (in red) and validation polygons used in this study (in magenta); b,
c, d, ) Gabor filters generated at 4 orientations (0, 45, 90, and 135 degrees, respectively) with a
wavelength of 5 pixels/cycle; f) Approximation coefficients of the two-dimensional Haar wavelet
transform with symmetric extension mode (half point): boundary value symmetric replication; g)
Convolution filter; and h) Correlation filter.
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Figure 3-11. Features extraction outputs via statistical indices: a) The RGB image with Sanon et
al. (2023) polygons (in red) and validation polygons used in this study (in magenta); b) Entropy
filter; c) Gradient weight; d) Standard deviation filter; e) Range filter; f) Mean absolute deviation;
g) Pixel variance; and h) Sum of squares.
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Figure 3-12. Features extraction outputs via dimensionality reduction techniques: a) The RGB
image with Sanon et al. (2023) polygons (in red) and validation polygons used in this study (in
magenta); b) Grayscale image; c, d, ) First, second, and third bands of PCA method’s output,
respectively; f, g, h) First, second, and third bands of MNF method’s output, respectively.

Feature ranking was done by running the MRMR algorithm separately on each
category of extracted features, and high-rank features of each category were considered for
model development. The results of feature ranking are provided in Table 3. As discussed
in Section 2.2.3, the minimum score of 0.5 was considered for selecting features, and the
number of selected features per category was capped at 2 to avoid redundancy and

classification model overfitting.
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The results of feature ranking are presented in Table 3 and led to the selection of 7
high ranked features, including black and magenta channels of CMYK as two color
transformation outputs, approximate coefficients of the wavelet transform as the only
texture-derived band, Sum of the squares and gradient weight as two statistical indices, and
the first two components of PCA analysis as the two bands from the dimensionality
reduction outputs. A large score value indicates that the corresponding predictor is
important. Also, a drop in the feature importance score represents the confidence of feature
selection, meaning that the MRMR algorithm recognizes that adding additional features is
not helpful to the classification. Based on this logic, the statistical indices seem more
effective overall compared to the other three categories of features. In contrast, the texture
components seem to be the least effective among the categories. It should be noted that the
texture components might have been of higher importance if the buildings had not been
masked as they have a texture that can be detected and learned by texture analysis

techniques.

Comparing all the extracted features, regardless of the categories they belong to, the
first component of the PCA has the highest score of 0.818, followed very closely by the
sum of squares (statistical index) with the score of 0.813. The approximation coefficients
of the wavelet transform (texture analysis) and the black channel (color transformation)

also have very high feature scores, 0.794 and0.791, respectively.
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Table 3-3. MRMR feature ranking results. The rank column in the table is indicator of
rank within the category, not the overall rank.

Feature Category No. Feature Description Score Rank | Selection
1 Black (CMYK) 0.791 1 v
2 Magenta (CMYK) 0.675 2 v
3 Cyan (CMYK) 0.652 3 -
4 Decorrelation Stretch (Band 1) 0.409 4 -
Color 5 Hue (HSV) 0.404 5 -
Transformation 6 Value (HSV) 0.387 6 -
7 Decorrelation Stretch (Band 3) 0.386 7 -
8 Saturation (HSV) 0.304 8 -
9 Yellow (CMYK) 0.271 9 -
10 Decorrelation Stretch (Band 2) 0.198 10 -
11 Approximation Coefficients (WT) 0.794 1 v
12 Gabor Filters (45 deg) 0.232 2 -
13 Gabor Filters (135 deg) 0.229 3 -
Texture Analysis 14 Gabor Filters (90 deg) 0.215 4 -
15 Convolution Filter 0.193 5 -
16 Gabor Filters (180 deg) 0.185 6 -
17 Correlation Filter 0.048 7 -
18 Sum of Squares 0.813 1 v
19 Gradient Weight 0.573 2 v
20 Pixel Variance 0.561 3 -
Statistical Indices 21 Range Filter 0.553 4 -
22 Entropy Filter 0.551 5 -
23 Mean Absolute Deviation 0.412 6 -
24 Standard Deviation Filter 0.158 7 -
25 PCA (Band 1) 0.818 1 v
26 PCA (Band 2) 0.646 2 v
Dimensionality 27 MNF (Band 2) 0.364 3 -
Reduction 28 Grayscale Image 0.260 4 -
29 MNF (Band 1) 0.187 5 -
30 PCA (Band 3) 0.103 6 -
31 MNF (Band 3) 0.079 7 -

3.4.3 Semi-Supervised Classification
To understand the impact of each of the selected feature sets by category, the first step was

to develop 4 classification models, each using a catogry of selected features, via the semi-

supervised discriminant analysis classification algorithm presented in Section 2. A model

only using RGB channels (Model 1) was also developed for comparative analysis. The

reason was to understand which feature categories are better in distinguishing the two

liquefaction classes (dark and light) from other classes of land cover and land use in

practice. After running the multi-class classification, the labels were converted to binary
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labels of liquefaction versus non-liquefaction to evaluate accuracy against the validation
labels.

F1 score and overall accuracy indices were calculated to compare the performance
of the evaluated models and presented in Figure 13. All models resulted in improved
performance over the RGB-only model (Model 1) except for Model 3 (RGB + color
transformation). One explanation for the relatively inferior performance of Model 3 can be
the high correlation of black and magenta channels with the RGB color channels, leading
to redundancy in data. The improvement in performance accuracy resulting from adding
the texture component (Model 4) was only marginal. The highest model performance was
for Model 2 (RGB + dimensionality reduction), with Model 5 (RGB + statistical indices)
in second place.

Next, an integrated model (Model 6) was developed by using the combination of
selected features, including Principal components and statistical indices, which showed
superior performance among all developed models. Compared to the RGB-based model
(Model 1), the preferred model (Model 6) has the highest overall accuracy of 88.73%. It
means compared to the Model 1°s accuracy of 84.53%, Model 6 is leading to ~1.45 million
higher number of correctly predicted pixel labels across the image tile, resulting in

significant corrections in the spatial extent of liquefaction over the image tile.
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Figure 3-13. Binary classification accuracy results calculated by comparing the binarized
classification labels with the validation liquefaction labels shown in Figure 3-a. The darker green
color in the heatmap table indicates superior performance by the model.

Then, to analyze the benefit of the semi-supervised learning approach versus
supervised learning, the same datasets and features used to develop Model 6 (preferred
model) were used to train and validate a linear discriminant analysis classifier (same
classifier used in the semi-supervised method). The results of the comparative analysis are
provided in Figure 14. The results show that the proposed semi-supervised self-training
classifier provides improved performance compared to supervised learning (higher
precision, F1 score and overall accuracy, and very close recall score). This might be due to
the benefits gained by learning not only from labeled data but also from unlabeled data.
The overall accuracy was increased from 87.32% to 88.73%, leading to ~0.49 million

higher number of correctly predicted pixel labels.
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Figure 3-14. Binary classification accuracy results calculated by comparing the binarized
classification labels with the validation liquefaction labels shown in Figure 3-a. The darker green
color in the heatmap table indicates superior performance by the model.

3.4.4 Liquefaction Map Visualization and Model Application
Using Model 6, the classification was applied to the model development tile (Figure 15),

showing the resulting map of liquefaction ejecta, and the predictions are also visually
compared with Sanon et al. (2023) labels (Figure 15-a) and the validation labels (Figure
15-b). In addition, Figure 15-c provides the final map derived from the supervised learning
approach. Figure 15-d also provides the map of liquefaction predicted via Model 1 as the
base model using only RGB channels.

Figure 16 presents some examples of the Model 6 performance, compared with the
base Model 1 with a closer view of different locations within the model development image
tile. Figure 16-a is an example showing how the over-prediction of Model 1 is reduced by
Model 6. In addition, Figure 16-a shows that the objects such as machinery are excluded
from the model prediction. At the same time, they have been included within validation
liquefaction polygons due to the difficulty of excluding them when drawing the polygon

around such a large-scale liquefaction feature.
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Figure 16-b is an example of boundary correction for the large-scale feature
partially labeled by Sanon et al. (2023), perhaps due to the discontinuities or uncertainties
in determining the extent of the feature. This example also shows some model over-
predications on bare soils which was introduced in Section 2 as the most statistically similar
class to the dark liquefaction classes. Figure 16-c also shows the power of the model in
developing an almost spatially complete inventory of liquefaction occurrences using the
proposed semi-supervised learning with partially labeled data.

Investigating individual features in Figure 16-d shows that Model 6 corrects the
over-predictions made by Model 1 and predicts several missing liquefaction features which
were not predicted by Model 1. Model 6 also improved the boundaries and the quality of
the predictions within the liquefaction polygons even by correcting the labels where non-
liquefaction areas are included within liquefaction polygons. Figure 16-d shows that small
features of dark liquefaction within highly vegetated (darker green) areas are more likely
to be missed by the model, rather than the ones in driveways with dark backgrounds.

Figure 16-e shows a relatively poorer performance of the model in the detection of
light liquefaction compared to dark liquefaction features. The reason is that in the tile used
for model development, there are significantly fewer light liquefaction pixels than dark
liquefaction. This can cause the classification model not to learn enough from the limited
data. The other notable point in this example is the tendency of the model to over-predict
liquefaction features by expanding their boundary over the vegetated areas and detecting
the very shallow traces of liquefaction, which were not included as ground-truth labels by
validation liquefaction polygons. Figure 16-e also shows the confusion between dark
asphalts and pavements with the dark liquefaction class, leading to some over-prediction.
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Figure 3-15. a) Binary classification results of Model 6 (preferred model) with Sanon et al.
(2023) liquefaction polygons (in red) overlaying the model prediction (in yellow); b) Model 6
output (in yellow) compared with validation labels (in magenta); c) Supervised classification
output with validation labels overlayed; d) Model 1 (RGB-based model) classification output with

validation labels overlayed.
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Figure 3-16. Binary classification results of Model 1 (RGB-based model in the middle column)
Model 6 (preferred model in the right column) with Sanon et al. (2023) liquefaction polygons (in
thick red) and validation labels (in magenta) overlaying the model prediction (in yellow).

The same approach was applied on another tile (Figure 2-b) to check the
applicability of the approach on a new image. Finally, the classification output is compared
with Sanon et al. (2023) labels via Figure 17, and Figure 18 shows a few examples of model
predictions. In this image, contrary to the model development tile, a significant amount of

light liquefaction pixels is available.

Visual inspection of the maps shown in Figure 18 shows that the algorithm works
well in the detection of liquefaction features but with some over-predictions across the tile.
Figure 18-a is an excellent example of the model performance in detecting liquefaction
traces as liquefaction. In this case, since the partial labels by Sanon et al. (2023) include
such pixels, it is an expected performance. The same observation applies to Figure 18-b,

where a polygon is drawn by Sanon et al. (2023) over the liguefaction traces.

Figure 18-c shows an excellent performance of the model in detecting liquefaction
occurrences across the region and completing the partially labeled inventory. However,
Figure 18-d indicates that there are some inconsistent labels between asphalt and
liquefaction, which can be due to the lack of availability of road pixels in this tile compared

to the model development tile. The authors recommend that the area of training data
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collection should be large enough for the classifier to capture as many patterns as possible
within the data. It is also recommended that drawing ROIs should be done in multiple tiles
to gather a variety of pixels per class to train the classifier better. Finally, it should also be
noted that the applicability of this method depends on the capture of post-event imagery on
time before the surface dries, and before human interference causes the removal of
liquefaction-related surface effects. Additionally, other sources of surface moisture should

not be present to interfere with liquefaction ejecta effects.
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Figure 3-17. The model application image tile with binary classification results of Model 6
(preferred model in the right column) and Sanon et al. (2023) liquefaction polygons (in thick red).
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Figure 3-18. The model application example images with binary classification results of Model
6 (preferred model in the right column) and Sanon et al. (2023) liquefaction polygons (in thick
red).

3.5 Conclusions
The idea of this paper was to generate spatially consistent and complete maps of

liquefaction ejecta using a small number of visually labeled liquefaction surface effects
using high-resolution aerial imagery with the aid of advanced computer vision and machine
learning algorithms. A semi-supervised self-training classification method was presented
and validated in this study and showed superior performance in the detection of
liquefaction surface effects compared to the supervised learning approach. This paper also
investigated using RGB image-derived products as inputs into the classification algorithm,
such as transformations based on color, texture, statistics, and dimensionality reduction.
The results showed enhanced performance of liquefaction labeling when selected statistical
indices and dimensionality reduction techniques’ outputs were used alongside RGB
channels of the imagery. Texture and color transformation components did not impact the
model performance considerably. The feature ranking was done via the MRMR algorithm,
which reduces the redundancy and increases the relevance of the features to the classes of
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interest. A Fuzzy-based clustering approach was proposed for clustering liquefaction pixels
into two classes of dark and light liquefaction to increase the certainty of the pixels by
removing outliers and mixed pixels from the labeled liquefaction training data. The
advanced machine learning and image processing methods used in the study made it
possible to spatially complete and augment the partial inventory of liquefaction labels in
the image library provided by Sanon et al. (2023) with acceptable accuracy. The proposed
methodology can be applied in other domains where labeled and high-quality training data
is limited, and there is a need for semi-supervised algorithms to classify data due to the

difficulty of labeling.

3.6 Supplementary Materials
The output augmented liquefaction maps resulted from this study are published as digital

files in the GitHub repository of the first author at https://github.com/adel-

asadi/Christchurch Augmented Liquefaction.
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4.1 Abstract

Landslides are a significant natural disaster typical of mountainous terrains that can be
triggered by earthquakes and extreme rainfall events. Manual delineation of landslide
features to create inventories by visual interpretations of optical remotely sensed imagery
is a tedious and time-consuming process; therefore, post-disaster automatic detection of
landslides is desirable. Deep convolutional neural networks are a state-of-the-art computer
vision methods that can be used for landslide detection. A few recent studies use both pre-
event and post-event RGB channels in a change detection framework for detection of
landslides or they include different sources of data, including digital elevation model
(DEM) products. Since the performance of deep learning depends on the quality and
quantity of training data, it is challenging to use such methods in a timely manner after the
natural hazard events. Previous studies have not well investigated and reported the deep

learning landslide mapping models’ transferability from a training event to a testing event.
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In this study, the transferability of a trained deep convolutional network using the landslide
inventory from the 2016 Kumamoto Earthquakes 6.6 Mw only based on post-event true-
color optical imagery is analysed and a regional landslide mapping model is introduced.
The landslide affected areas after the 2018 Hokkaido earthquake in Japan are used to test
cross-event transferability. The landslide affected areas after the 2017 Asakura Rainfall
event in Japan are used for a second cross-event transferability test with a different
landslide triggering factor. The rationale for selecting these three case studies is the
regional similarity of the events, all occurring in Japan, containing vegetated and forested
mountainous areas, including urban settings, with comparable geology, topography and
landcover. The presented deep transfer learning model uses a ResNet50-based
DeepLabV3+ semantic segmentation method as an automated way to extract landslide
features from post-event imagery instantly given the availability of the imagery without
the need to fine-tune the model or to develop event-specific training data. High accuracy
was achieved on the testing data from the 2016 Kumamoto Earthquakes (88.77 %), and on
the case studies (unseen events) of the 2018 Hokkaido earthquake (85.75 %) and the 2017

Asakura Rainfall (86.84 %).

4.2 Introduction

Landslides are a type of significant natural disaster typical of mountainous terrains that can
be triggered by earthquakes and extreme rainfall events (Keefer 1984; Guzzetti 2006). Due
to climate change trends, the frequency of such disasters is increasing, and imposing threats
to sustainable development in susceptible areas (Ghorbanzadeh et al., 2021). Landslides’

spatial extent (area) range in size from less than a few square meters, for shallow soil slides,
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to thousands of square kilometers, for large submarine failures (Cruden and Varnes 1996).
Due to this scale, landslides are often easily visible in optical remotely sensed imagery,
especially high-resolution imagery. This has led to numerous landslide inventories
developed using visual inspection of imagery as well as automated machine learning and
computer vision approaches (Dou et al. 2015; Zhong et al. 2020). However, landslides in
different domains may happen due to different triggers, in different land cover types, with
different shapes, and within soil surface characteristics, which makes it challenging to
automate the landslide mapping process (Kurtz et al., 2014). Landslide mapping can be
described as a pixel-wise classification process in which each pixel in the georeferenced
remote sensing image is assigned to either a landslide or non-landslide class (Zhong et al.,
2020). This process is also called semantic segmentation which is a branch in computer
vision that assigns a semantic label to each pixel in the image. An alternative computer
vision approach which could be used to detect and map landslides is object detection which

is based on locating landslides as objects in the imagery.

Remote sensing data has been widely used to create landslide inventories, to map
landslides, and to perform landslide susceptibility analysis (Zhong et al. 2020; Casagli et
al. 2023). High-resolution imagery within multispectral (Martha et al. 2011; Holbling et al.
2017; Mohan et al. 2021) and microwave (Solari et al. 2020; Mondini et al. 2021) domains
of the electromagnetic spectrum have been used to create landslide inventories. Landslides
can also be mapped using image processing techniques that extract surface changes from
synthetic aperture radar (SAR) intensity images (Bai et al. 2017; Ji et al. 2018; Aimaiti et
al., 2019; Liu and Yamazaki, 2020; Ohki et al., 2020). Advanced machine learning-based

classification and computer vision techniques have been used in a wide range of
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geotechnical applications, including landslide identification (mapping) via remotely sensed
data (Moosavi et al. 2014; Fanos et al. 2018; Tehrani et al. 2021; Mohan et al. 2021), and
landslide susceptibility modeling (Dou et al. 2020-a; Fang et al. 2020; Cui et al., 2021; Liu

et al. 2021).

There are a number of studies that are using deep learning to map landslides, but
most of those studies use multiple data sources beyond the post-event RGB channels for
detection of landslides. They either include different sources of data, including
multispectral data and digital elevation model (DEM) products (Huang and Xiang, 2018-
a; Ghorbanzadeh et al., 2019; Ye et al., 2019; Dou et al., 2020-b; Qi et al., 2020; Su et al.,
2021; Meena et al., 2022), or propose multi-temporal change detection analysis (Lei et al.,
2019; Liu et al., 2020; Lv et al., 2020; Zhang et al., 2020-a;; Yu et al., 2021). LiDAR data
as a DEM product has also been used for landslide mapping via deep learning (Fang et al.,
2022), as well as SAR data (Boehm et al., 2022; Nava et al., 2022-b). Object detection-
oriented deep learning models have also been introduced for landslide mapping (Lu et al.,
2020; Fu et al., 2022; Yang et al., 2022). Li et al. (2022) have combined the deep learning-
based object detection approach with segmentation in a two-phase model which firstly

detects landslides in large scale, then segments the objects by boundary detection.

When optical imagery is used for landslide mapping, the approaches can be divided
into two categories 1) those using both pre- and post-event imagery for change detection
and 2) those using only post-event imagery. Change detection approaches require a pair of
imagery ideally with matched spatial and spectral resolutions. As result, many change

detection attempts at landslide mapping suffer from errors resulting from differences in
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look angle or differences in atmospheric conditions or require significant processing. An
approach that can be applied to the post-event image only and does not require significant
post-processing is desirable. Nava et al. (2022-b) have used deep learning for landslide
detection on the 2018 Hokkaido earthquake event via different combinations of synthetic
aperture radar (SAR) data bands, optical images, elevation, and slope data. They concluded
that optical imagery (Red-Green-Blue channels) had the best performance in landslide
detection. A few other studies have used only RGB channels of the high-resolution (3 m)
Planet Satellite imagery with four spectral bands (RGB plus Near-Infrared) in their deep
learning-based landslide mapping of the 2018 Hokkaido earthquake (Zhang et al., 2020-b;

Yang and Xu, 2022).

Many applications of deep learning to landslide mapping only present testing and
validation of the model for the single event, typically by dividing a specific region into
training and testing subregions. Therefore, the transferability of the model to new regions
and events is not well investigated. Thus, transferable deep learning models have recently
been trending in the literature (Huang et al., 2018-b; Tong et al., 2020). The development
of a trained deep learning model for landslide detection that can quickly applied to new
events is of great benefit and importance. Zhang et al. (2023) have developed a global
inventory of landslides in different terrain conditions to tackle this issue; however, their
trained deep learning model does not report model transferability to unseen events. Deep
transfer learning has also been used recently for landslide mapping using post-event RGB
in an object detection framework (Haciefendioglu et al., 2021), bi-temporal RGB (Xu et
al., 2022), and multi-temporal multi-spectral (RGB + Near-Infrared) channels (Bhuyan et

al., 2023). In another recent effort, Ghorbanzadeh et al. (2022) have developed an inventory
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of reference benchmark landslide data from four earthquakes (2018 Hokkaido Iburi, 2018
Kodagu, 2015 Gorkha, and 2009 Taiwan) which contains 10 m resolution optical and
multispectral layers from Sentinel-2, digital elevation and slope layers from ALOS
PALSAR, and pixel-wise landslide labels. They have trained different types of deep
learning algorithms for landslide detection on those events by partitioning the data of each
earthquake into training and testing tiles but did not evaluate transferability of models to

unseen events (Ghorbanzadeh et al., 2022).

A few studies have been conducted previously to assess earthquake-induced
damage using satellite optical satellite imagery (Kim and Kim 2018; Xu et al. 2018), multi-
temporal airborne LIiDAR (Yamazaki et al. 2018; Konishi and Suga 2018; Liu et al. 2019)
and SAR data (Nava et al. 2022-a) for landslide mapping after Kumamoto 2016 earthquake.
UAV (Unmanned Aerial Vehicles) imagery-derived three-dimensional (3D) models for
damage mapping (Yamazaki et al. 2017), and a combination of non-optical remote sensing
data for surface displacement and landslide mapping (He et al. 2019; Uemoto et al. 2019)

are also performed in the aftermath of the 2016 Kumamaoto Earthquakes.

In this study, the landslide inventory developed for the 2016 Kumamoto
Earthquakes 6.6 Mw and the co-registered post-event aerial true-color RGB imagery with
0.5 m resolution, taken by the Geospatial Authority of Japan (GSI), are used to train and
test a deep transfer learning model. The proposed deep transfer learning model uses a
ResNet50-based DeepLabV3+ semantic segmentation method as the base model. Then, the
landslide affected areas from the 2018 Hokkaido earthquake in Japan and the 2017 Asakura

Rainfall event in Japan are used to test cross-event transferability. The rationale for
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selecting these three landslide case studies is the regional similarity of the events, plus
availability of high-resolution optical imagery and ground-truth landslide labels with
acceptable quality. The model is trained, evaluated, and applied on vegetated and forested
mountainous areas, including urban settings in Japan, with comparable geological,
topographic, landcover and land use settings. This research presents a regional deep
transfer learning-based landslide mapping model as an automated way to extract
earthquake-induced landslides from post-event imagery instantly after the availability of
the imagery without the need to fine-tune the model or to perform supervised learning for

the new event.

4.3 Datasets

The datasets used in this study include post-event true-color RGB aerial imagery and the
corresponding landslide inventories related to two earthquake events and a rainfall event,
all in Japan. The events include the 2016 Kumamoto Earthquakes which occurred in the
Kyushu Province, the 2018 Hokkaido Iburi Earthquake which occurred in the Hokkaido
Province, and the 2017 Asakura Rainfall event which occurred in the northern Kyushu
province. Figure 1 shows the map of earthquake epicenters and the location of the rainfall
event, and the areas considered with the landslide polygons overlaying on the post-event

imagery.
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Figure 4-1. a) Satellite map of Japan showing the epicenters of the two historical earthquakes
(2016 Kumamoto and 2018 Hokkaido) and the 2017 Asakura rainfall event. The imagery shown
in this figure are the portion of available data used in this research: b) Post-event aerial image
used in this study with the ground-truth NIED landslide polygons overlayed. The orthographic
image resolution is 50 centimeters, and it is captured by GSI after the Kumamoto event on April
20th, 2016; c) Post-event aerial image used in this study with the ground-truth GSI landslide
polygons overlayed. The orthographic image resolution is 3 m, and it is captured by GSI after the
Hokkaido event on September 6th, 2018; and d) Post-event satellite optical image used in this
study with the ground-truth landslide polygons overlayed. The orthographic image resolution is
0.59 m, and it is acquired from Google Earth after the Asakura rainfall event on July 13th, 2017.
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4.3.1 2016 Kumamoto Earthquakes

The 2016 Kumamoto earthquakes in Kyushu Island, Japan, began with a magnitude 6.2 M
earthquake on April 14, followed by another foreshock of magnitude 6.0 M on April 15,
and a larger magnitude 7.0 M earthquake on April 16, 2016 beneath Kumamoto City,
Kumamoto Prefecture on Kyushu, Japan (GEER Report 2016; GSI 2016-a). Figure 1-b
shows the Kumamoto region analyzed in this study. Many natural slopes and road
embankments failed ranging from small to medium-sized landslides, with 47% of the
landslide feature having area of less than 103 m? (Chen et al. 2017-a). Landslides primarily
occurred in volcanic ash, pumice and andosol, a highly porous dark-colored substance

made up of volcanic ash combined with organic materials (Kiyota et al. 2017).

The National Research Institute for Earth Science and Disaster Resilience (NIED)
of Japan have released a few versions of the landslide inventory for the 2016 Kumamoto
events (NIED, 2016). NIED compared aerial photographs, satellite images, and airborne
SAR images before and after the earthquake centering on Kumamoto to identify the
locations of landslides and create a landslide inventory. This study uses the version
published on April 21, 2016 (Figure 1-b), which was created by comparing the aircraft
SAR image on the April 17th with the satellite image posted on Google Earth before the
disaster, and by inspecting aerial imagery published by GSI (2016-b) on April 16, 19 and

20, 2016.

The NIED inventory is created based on defining a boundary of the landslide
features as the area covering sediment movement, travel paths, and accumulation areas

(Shinoda et al. 2019). Due to reasons such as insufficient field surveys and the human-
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drawn nature of the boundaries (NIED 2016), the inventory should not necessarily be
considered as absolutely true but is used as ground truth in this study. NIED set a size
threshold of 100 m (moderate-size landslides) to identify and map landslide features (Chen
et al. 2017-a), therefore, some moderate- or small-scale landslides were probably omitted

(Xu et al. 2018).

Aerial images of the study area, taken on April 20, 2016, were collected from GSI
repository (GSI, 2016-b). These post-event orthographic images taken near Nishihara 2
district have 0.5 m resolution. The cropped post-event image of the study area shown in
Figure 1-b with landslide polygons overlayed covers an area of almost 42.71 km?,
consisting of approximately 16.61 million image pixels and 264 landslide polygons (Table

1).

4.3.2 2018 Hokkaido Earthquakes

The September 6th, 2018, Mw 6.6 earthquake struck the region of Iburi-Tobu, southern
Hokkaido, Japan, covering a part of the Yubari Mountain range. The earthquake struck just
one day after Typhoon Jebi had produced substantial rains in the region (Yamagishi and
Yamazaki, 2018). The rainfall and the influence of Typhoon Jebi were found to be of
secondary importance, compared to the earthquake (Wang et al., 2019). The topography of
the region is characterized by gently rising and falling hills with elevations ranging from
100 to 800 m (Dou et al., 2020-b). The surficial geology is comprised of volcanic deposits
of multiple layers formed by volcanic eruptions (Yamagishi and Yamazaki, 2018). These
layers contain unconsolidated pumice, scoria, and coarse-grained volcanic ash particles

(Dou et al., 2020-b). Additionally, the presence of weak and low-consolidated sedimentary
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deposits makes the slopes prone to landslides (Ayalew et al., 2011).

The Geospatial Information Authority of Japan took and published the aerial ortho-
photographs of the area affected by the earthquake (GSI, 2018-c). GSI has also published
the interpreted landslide inventory, which are used as ground-truth labels in this study (GSI,
2018-b). According to GSI, the landslides were visually interpreted using high-resolution
aerial photos taken between September 6th and 11th, 2018. It should be noted that deposits
and sands on the roads and rivers may have been removed before image captures (GSlI,
2018-b). Figure 1-c shows the portion of the aerial imagery used in this study, taken on
September 6th, 2018, with 3 m resolution, 4.76 million pixels, 42.8 km? areal coverage,

and with 344 landslide features overlayed (Table 1).

4.3.3 2017 Asakura Rainfall

Significant rainfall in the first week of July 2017 triggered floods, debris flows and large-
scale landslide events on the mountainous regions around Asakura area of Kyushu province
in Japan. Asakura experienced more than one and a half times its monthly average rainfall
on July 5th, 2017 (Miura and Nagai, 2020). The 2017 Asakura rainfall event is not well
investigated in the literature comparative to the other two events in this study, and there
are very limited studies published on landslide detection methods for the event (Miura and
Nagai, 2020; Zhang et al., 2023). The high-resolution (0.59 m) post-event satellite image
used in this study was captured on July 13th, 2017, acquired from Google Earth. The
imagery and corresponding landslide labels were published by Zhang et al. (2023) as a part
of their large-scale dataset. The image tile from the 2017 Asakura event in northern

Kyushu, which is used in this study, as shown in Figure 1-d, covers an area of 7.03 km?,

113



consisting of approximately 20.19 million image pixels and 306 landslide polygons (Table

1).

4.3.4 Landslide Inventories

The basic statistics of the landslide features used in this study, limited by the area cropped
for analysis, is provided via Table 1. As shown via the table, the number of landslide
features in the three selected areas of studies are close. However, Hokkaido event has
relatively larger landside features in terms of area, and it also includes significantly larger
overall extent of landslides used in this study, based on the statistical analysis shown in
Table 1. Figure 2 also indicates this, while showing the probability distribution of the areas
of the landslide features behave similarly across the three events, with the Kumamaoto event
having the lowest number of landslide features and the higher frequency of small-size
landslides. Although, as shown in Figure 2, like many other earthquake events, the
frequency density of the landslide feature size decreases by increasing the landslide feature
size.

Table 4-1. Summary statistics of the landslides used in this study.

Average | Median Standard Total
Landslide | Triggering | Number of | Minimum | Maximum g Deviation
. Area Area Area
Event Factor Landslides | Area (m?) | Area (km?) of Area
(m?) (m?) 2 (km?)
(m?)
2016
Earthquake | 264 234 0.23 5373 1049 18726 1.42
Kumamoto
2018
. Earthquake | 344 168.3 1.22 32929 4777 100563 11.33
Hokkaido
2017 .
Rainfall 306 46.6 0.06 1797 728.9 4065 0.55
Asakura
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Figure 4-2. Comparative log-binned probability density distribution of the area of seismic-
induced landslide features of the 2016 Kumamoto and the 2018 Hokkaido earthquake events, and
the rainfall-induced landslides of the 2017 Asakura rainfall event, all in Japan.

4.4 Methodology

The goal of this study is to develop a deep transfer learning framework to map landslides
induced by earthquakes and rainfall events, and to investigate the cross-event
transferability of the model for future unseen events. The approach is illustrated in the

flowchart presented in Figure 3.
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Figure 4-3. Flowchart of the proposed deep transfer learning framework for mapping landslides
induced by earthquakes and rainfall events.

4.4.1 Deep Transfer Learning
The core algorithm in the approach is a convolutional neural network (CNN) as represented

by transfer learning of the pre-trained ResNet-50 through the DeepLabV3+. A CNN is
composed of an input layer, an output layer, and many hidden layers in between. These
layers perform operations that alter the data with the intent of learning features specific to
the data and the goal of the modeling. Three of the most common layers are convolution,
activation, and pooling layers (Murphy, 2012). Convolution passes the input images
through a set of convolutional filters, each of which recognizes certain characteristics and
features from the images. Activation allows for faster and more effective training by

turning the pixel values of the convolved layers into numbers that lead to the output labels
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at the end. Pooling simplifies the output by performing nonlinear down-sampling. Up-
pooling is done to inverse the down-sampling process by up-sampling the layers, for
instance, in the case of encoder-decoder networks like U-Nets (Ronneberger et al., 2015).

Fine-tuning a pretrained CNN with transfer learning for a new task is typically
much faster and easier than training a CNN from the scratch, and it requires considerably
less amount of data and computational resources. Learning edges, forms, colors, and
textures from earlier experiences on non-related datasets, and then re-training the model
on landslide detection task, makes the process much more efficient and reduces the training
time significantly. This is done by freezing the initial layers of the model that has already
learned the simplest features. Training on top of the frozen layers allows learning new
deeper features about the landslides from different regions without losing previously
acquired detection capabilities.

In this work, transfer learning occurs by taking the encoder portion of a pre-trained
deep convolutional neural networks (ResNet-50) and turning it into a semantic
segmentation model (DeepLabV3+) for the new task of landslide mapping by adding a
task-specific decoder part. The proposed computationally efficient DeepLabv3+ model has
an encoding phase to extract the essential information, including multiscale contextual
information, from the image using a CNN (pre-trained ResNet-50, in this study), and a
decoding phase to reconstruct the output label of appropriate dimensions based on the
information obtained from the encoder, and refines the segmentation results along
boundaries (Chen et al., 2017-b & 2018). The encoder part of the pre-trained network
(ResNet-50) is originally connected to a fully connected layer and a SoftMax layer
designed for image classification. The role of those layers is to determine the probability
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of the image belonging to each class of objects in the ImageNet database (Deng et al., 2009)
of a million images with 1000 classes, based on the features learned from the encoder part
of the network.

For the landslide mapping task, a decoder part is needed in addition to the pre-
trained encoder in order to detect landslides. The decoder part up-samples the encoder
output, resulting in pixel-wise probabilities of landslide occurrence in the input image. The
SoftMax function is used here as the final activation layer determining the probability of
belonging to the two classes of landslide and non-landslide, which can be turned into the
binary output label by assigning a probability threshold. For classification problems, a
SoftMax layer and then a classification layer usually follows the final fully connected layer.
The SoftMax function is also used as the output unit activation function after the last fully
connected layer for multi-class classification problems (Bishop, 2006).

The structure of the DeepLabV3+ model used in this study is shown via Figure 4,
in which the pre-trained ResNet-50 model is located within the encoder portion of the
model. Multiple down-sampling layers of a CNN lead to relatively small feature maps,
resulting in lower prediction accuracy and loss of boundary information for semantic
segmentation projects. In addition, aggregating context around a feature helps in
segmenting it better, which is accomplished with the atrous convolutions designed as a
standard part in DeepLabV3+ network. Atrous Convolution also called dilated
convolution, is used in DeepLabV3+ to refine the effective field of view of the convolution
process, meaning preserving the large-scale view while performing the convolution
process resulting in lower resolution. It modifies the field of view using a parameter termed
the atrous rate. Atrous convolution is used to explicitly control the resolution at which
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feature responses are computed within deep CNNs, and the depth-wise separable
convolution replaces all max pooling procedures in the DeepLabV3+ encoder. The

proposed final DeepLabV3+ model in this study has 43.9 million total learnable parameters

in its 206 layers.
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Figure 4-4. DeepLabV3+ structure using in this study to perform semantic segmentation of
landslide occurrences. Pre-trained ResNet-50 via ImageNet database is used as a part of the
encoder portion of the proposed deep transfer learning approach. The transfer learning occurs in
the blue box where the weights of the pre-trained ResNet-50 are frozen, and used in the
DeepLabV3+ model, whereas the remaining structure undergoes a training with the new landslide
dataset of the 2016 Kumamoto earthquakes.
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4.4.2 Data Partitioning, Augmentation, and Modeling
For the 2016 Kumamoto earthquake data, the tiles were divided into three groups of

training (70%), validation (20%) and testing (10%). The tile size to be used to split the
image was defined by a trial-and-error approach, testing three different tile sizes (112x112,

224x224, and 448x448). However, the tiles extracted by either of the three sizes, need to

119



be resized to 224x224 based on the standard input size of the pre-trained ResNet50 deep
learning model which is used in the encoder part of the proposed model. The image tiles
have three color channels (Red, Green and Blue: RGB), and were normalized to have
continuous values between 0 and 1, instead of the original 0 to 255. The labels with binary
0-1 values were also split to have the same size as the image tiles. Data augmentation is
essential to avoid overfitting and to ensure the robustness of the trained segmentation
networks as shown by Soares et al. (2020) and Bhuyan et al. (2022) when fitting deep
learning models for landslide mapping.

Several data augmentation schemes were performed on the training and validation
tiles which had the landslide class present in their labels. A total of 11 techniques were
used in this step, including image rotation (90, 180, and 270 degrees), flipping (horizontally
and vertically), brightness change (darkening and brightening), contrast change (higher and
lower contrast), gaussian blurring (Haddad and Akansu, 1991), and gaussian noise addition
(Barbu, 2013) as illustrated in Figure 5. Each original tile is rotated with three angles, and
flipped in two directions in order to generate a total of 6 different orientations. The six
variously oriented tiles undergo six different pixel-wise augmentation techniques,
including two brightness change, two contrast change, gaussian blurring, and gaussian
noise addition techniques.

The data augmentation was applied to the training and validation data but not done
on the testing dataset, to ensure having an unbiassed model evaluation with unseen data in
the testing step. Since the training and validation accuracy are calculated alongside each
other during the training process, the class weights should be approximately similar. Thus,
performing data augmentation only on the training set, but not on the validation set, will
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lead to possible over-fitting or under-fitting. However, in order to have unbiassed
assessment during the training phase, the data augmentation is performed on independent
training and validation sets after data partitioning, which means that augmented training
tiles are not present in the validation set, and vice versa.

The binary classes for landslide mapping are highly imbalanced. For the case of the
2016 Kumamoto earthquake used for model development, only 6 % of the pixels belong to
the landslide class (before performing data augmentation). After data augmentation, 14 %
of the pixels in the training data belong to the landslide class. To tackle the class imbalance
issue, different class weights are assigned in the loss function in the deep learning model
during the training and validation process to calculate the accuracy in each training

iteration.
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Figure 4-5. Data augmentation techniques used in this study, including flipping (horizontally and
vertically), rotating (90, 180 and 270 degrees), brightness change (darkening and brightening),
contrast change (higher and lower contrast), gaussian blurring, and gaussian noise addition.

Table 2 presents the resulting number of tiles before and after the data

augmentation. Since 11 augmentation techniques are used in this study, even performing
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the data augmentation on the tiles with landslide class present in their labels increases the
number of tiles significantly for the training and validation datasets. Table 2 also presents
the tile specifications per different scenarios evaluated in this study. Since the resolution
of the 2017 Asakura event was close to the 2016 Kumamoto event, no down-sampling was
performed, and the satellite optical image was used in its original resolution published by
Zhang et al. (2023). It is clear in Table 2 that the definition of tile size and the resolution
of imagery both have a significant impact on the number of tiles that can be extracted from
the imagery in a specific domain of study. In the case of the 2018 Hokkaido event,
increasing the resolution of the image led the total number of tiles to almost 43 times the

lower resolution case.
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Table 4-2. Number of tiles per partition for different scenarios and stages in the study.
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4.4.3 Model Evaluation
Based on the inverse frequency of the classes in the dataset calculated after performing

data augmentation, the weights to be used for the binary cross-entropy loss function for the
non-landslide and landslide classes were assigned by 1.05 and 7.15 values, respectively.
This means that the deep learning model is being notified to pay more attention to the
landslide (minority) class, which balances the loss calculation for the model to be fair in

accuracy measurements on both classes. Otherwise, the model would be trained in favor of
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the non-landslide (majority) class, neglecting the small error from misclassification of the
landslide class.

Training parameters tuning of the proposed deep transfer learning method is done
with a grid search approach, and best input parameters are reported, plus the runtime and
computer system specifications. Batch-normalization was also performed to facilitate the
training process (loffe and Szegedy, 2015). The training stop criteria is assigned by a
validation patience of 4 iterations, which means that the training progress stops when 4
iterations lead to validation accuracy of less than the minimum loss value already achieved
during the training process. This will ensure that the training stops when the model begins
overfitting.

The trained model is then tested via unseen testing data of the 2016 Kumamoto
event. There are several classification accuracy indices which were used in this study to
make sure the model performs well enough on the testing data and case studies. The
proportion of correctly classified observations per positive class (landslide class) is referred
to as the Sensitivity or True Positive Rate (TPR). Specificity or True Negative Rate (TNR)
is the rate of correct prediction in the negative class (non-landslide). The proportion of
incorrectly classified observations per true class is referred to as the False Negative Rates
(FNR). Precision (Positive Predictive Value), Recall, and F-1 score are used to evaluate
the accuracy of the models as three of the most common classification accuracy indices.
The F1 score is simply a way to combine the precision and recall, calculated by taking
harmonic mean of the precision and recall.

Mean BF (Boundary F1) score computes the contour matching score between the
predicted segmentation and ground-truth label. The score indicates how well the predicted
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boundaries of classes align with the true boundaries. Intersection over Union (loU) is the
ratio of the intersection to the union of the predicate and the true, which in the confusion
matrix is expressed as the ratio of the number of true positives to the sum of true positives,
false negatives, and false positives. Formulations of the discussed accuracy indices are

provided through Equations 1 through 6.

TPR = TP/(TP + FN) (1)

FPR = FP/(TN + FP) )

Precision = PPV = TP/(TP + FP) 3)

Recall =TN /(TN + FN) 4)

F; Score = (2 X Precision X Recall)/(Precision + Recall) (5)
IoU = TP /(TP + FP + FN) (6)

Gradient-weighted class activation mapping (Grad-CAM) technique is also used to
understand why the deep learning network makes its classification decisions. Grad-CAM,
invented by Selvaraju et al. (2020), uses the gradient of the classification score with respect
to the convolutional features determined by the network to understand which parts of the
input images are most important for classification. Strongest activation layers in different
depths are also visualized for investigation of different layers, and how they contribute to
the landslide segmentation.

4.4.4 Cross-Event Transferability

Two independent case studies of 2018 Hokkaido earthquake and 2017 Asakura rainfall
events were performed, and the prediction accuracies were reported to investigate cross-
event transferability of the trained model. On the case studies, no augmentation is done,
similar to the testing data for the 2016 Kumamoto event. However, since the resolution of

the 2018 Hokkaido event was lower than the imagery used while training the model via the
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2016 Kumamoto event’s post-event imagery, a down-sampled version of the data matching
the 0.5 m resolution of training data was also evaluated for testing of the 2018 Hokkaido
event. The down-sampling was done using bilinear interpolation technique. As a part of
the study, a sensitivity analysis to the implementation of data augmentation is also
performed, both to analyze the model performance on the testing data of the Kumamoto
event itself, and to analyze the impact of data augmentation on the cross-event

transferability of the model.

4.5 Results and Discussion

4.5.1 Model Evaluation
As the first step in model validation, three different tile sizes of 112-by-112, 224-by-224

and 448-by-448 on the 2016 Kumamoto event were used to investigate the impact of tile
size on model accuracy, as summarized in Table 3. The 224-by-224 tile size had the highest
accuracy (F1 score) comparing the other two tile sizes (Table 3). The smaller tile size of
112-by-112 also led to acceptable accuracy. The larger tile size of 448-by-448 resulted in
lower accuracy. One interpretation of this result could be that the deep learning model has
difficulty learning landslide features when they are comparatively smaller relative to the
tile size. Alternatively, with a larger tile size, the number of extracted tiles becomes much
smaller (75% reduction in this case from 224-by-224 to 448-by-448), and therefore reduces
the training data significantly. The accuracy indices for the different tile sizes are shown in
Figure 6 using a spider chart. F-1 score was the main criteria of model comparison and tile
size selection.

After finding the best tile size, a sensitivity analysis was performed by running two

models, with and without data augmentation step. As shown in Table 3 and Figure 6, the
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model without data augmentation performed relatively better in a few global accuracy
indices, but the True Positive Rate (landslide detection) was lower than the model trained

with data augmentation.
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Table 4-3. Comparative accuracy results.
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Figure 4-6. Spider chart showing different comparative analysis results by comparing seven
major accuracy indices for model comparisons in different scenarios.

Using the 224-by-224 tiles and data augmentation, the best model was stopped at
iteration 750 in epoch 3 when the validation accuracy criteria was met after 247 minutes
of run time via MATLAB software on a PC with 64 GB RAM and 3.1 GHz Core i9 CPU.
The model was trained on single CPU, using stochastic gradient descent optimizer
algorithm with momentum of 0.9, learning rate of 1le-3, and L2 regularization parameter

(weight decay) of 0.005 which helps in avoiding over-fitting. To avoid RAM limitation
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errors, a mini-batch size of 16 was used to split the training data into smaller subsets. Each
epoch during the training indicates one pass through the whole training data, and each
iteration is an indicator of one pass through each training subset (mini-batch). To start each
epoch, the training data were shuffled for better model learning and regularization.

Figure 7 shows the training progress, while reducing the loss and increasing the
training and validation accuracy. The fluctuations of accuracy in epoch one is considered
normal since the model it trying to adjust its parameters by learning from each mini-batch.
The accuracy starts becoming smooth in the second epoch. After training and validation of
the model, testing data from the 2016 Kumamoto event were used to evaluate the
performance of the model on the unseen tiles from the same event. Continuous reduction
of loss in Figure 7 and acceptable testing accuracy shown in Table 3 are indicators that the
model is not overfitting to the training and validation data and can regularize well on testing

data.

131



100
90 —
80— AR 1 e i “egriefl AL i : T @i

0

60

curacy (%)

Ac

Epoch 3

0 100 200 300 400 500 600 700

Epoch 1 | Epoch 2 | Epoch 3 |
0

0 100 200 300 400 500 600 700
Iteration

Figure 4-7. Training and validation accuracy graphs during the training progress. The solid blue
line on the top plot shows the smoothed training accuracy through iterations while the model is
being trained, and the lighter blue line plots the exact training accuracy over time (passing
iterations). The red lines in the bottom plot are showing the loss value reduction while the model
is being trained. The dotted black line plots the validation accuracy at each 50 iterations step.

Visualizations of a few tiles from the testing data of the 2016 Kumamoto event are provided
in Figure 8, showing good delineation of landslide features compared to the ground-truth
labels. The examples show post-event imagery, post-event imagery with ground-truth
landslide labels, model prediction and the prediction errors by class. The modeled maps
include colors white (true positive: correctly mapped landslides), green (false positive:
wrongly mapped landslides), magenta (false negative: missing landslide features, predicted
as non-landslide), and black (true negative: correct non-landslide prediction). As seen in
Figures 8-a and 8-c, some over-predictions of the landslide features can be related to the

inaccurate ground-truth delineation of features which are corrected by the model.
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Figure 4-8. Visualizations of the testing tiles and prediction outputs for the 2016 Kumamoto
earthquake. White, green, and magenta are indicators of true positives, false positives and false
negatives, respectively.

To better understand the information extracted by the deep learning models in their
different layers, the gradient of the classification scores of convolutional features were
further visualized via the Grad-CAM technique in Figure 9, and strongest activations in the
same layers via Figure 10. The layers are selected and visualized from very shallow to very
deep layers of the DeepLabV3+ structure. These figures nicely show how the deeper layers
of the model extracted features with more detailed spatial information about potential

landslide areas, especially in the boundary regions.
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Figure 4-9. Grad-CAM weight maps of different layers in DeepLabV3+ structure using an
example tile. The layer number (depth) is written in parentheses on the plot titles.
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Figure 4-10. Strongest activation layer maps of different layers in DeepLabV/3+ structure using
an example tile. The layer number (depth) is written in parentheses on the plot titles.
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4.5.2 Cross-Event Transferability

The next step model validation was to assess the performance of the model in completely
new events to evaluate the transferability of the trained and tested model to new events.
The cross-event transferability was tested with data from the two case studies (2018
Hokkaido and 2017 Asakura events). In case of the 2018 Hokkaido earthquake, the original
3m resolution tiles were fed to the model resulting in low accuracy. However, a simple
biliner interpolation was run to increase the resolution of the tiles to 0.5 m (equal to the
2016 Kumamoto data), and the model performed well on down-sampled data. Yu et al.
(2021) also tried using imagery with different spatial resolutions while testing their model,
and they also reported lower accuracy of their proposed model when running on higher
resolution data. The results of the case studies showed that the model performs acceptably
well when the resolution of the target event is equal or close to the model development
data.

Table 3 and the spider chart in Figure 11 show the accuracy comparison explained
above. Looking at the spider chart in Figure 11, comparing the case studies with the model
development event, it seems that six of the seven accuracy indices have maintained
relatively high values, while the drop in the Mean BF score is relatively higher. This
indicates that the boundaries of the landslide features are less aligned with the ground-truth
polygons in the 2018 Hokkaido and the 2017 Asakura events, compared to the 2016
Kumamoto event which was using for training purpose.

To analyze the impact of running the data augmentation in the model development
phase on the cross-event transferability, the model trained on the Kumamoto event without

data augmentation was also used to map landslides on the Hokkaido event. However, as
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shown via Table 3 and Figure 11, the accuracy decreased considerably, especially for TPR
(landslide detection) while the difference was not considerable for testing data of the
Kumamoto event (Figure 6). This indicated the importance of data augmentation to create

models which can generalize well when encountering unseen events.
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Figure 4-11. Spider charts showing different comparative analysis results by comparing seven
major accuracy indices for model comparisons in different scenarios.

Visualizations of the test tiles with their corresponding predictions from the two case
studies of the 2018 Hokkaido and the 2017 Asakura events are provided via Figures 12 and
13, respectively. Figure 12-b shows that a relatively large landslide feature is missed in the
prediction; however, looking at the image tile, it seems that the under-prediction is due to
a wrongly delineated landslide feature. Figure 12-c shows the power of the model in

predicting landslide features in shadow conditions. Figure 12-d proves the power of the
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model in finding landslide features with complex shapes and patterns accurately. Looking
into the results shown in Figure 13-d, the model shows superior performance in detecting
the boundary of the landslide features in comparison with the ground-truth labels provided
by Zhang et al. (2023), while minimal over-predictions are observed in Figures 13-a, 13-b,
and 13-c.

Image Tile Ground-Truth Prediction TPR vs FPR

M-

(a)ig

(d)

3

Figure 4-12. Visualizations of the test tiles and prediction output for the 2018 Hokkaido
earthquake. White, green, and magenta are indicators of true positives, false positives, and false
negatives, respectively.
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Image Tile Ground-Truth Prediction TPR vs FPR

Figure 4-13. Visualizations of the test tiles and prediction output for the 2017 Asakura rainfall
event. White, green, and magenta are indicators of true positives, false positives, and false
negatives, respectively.

Visual inspection of the final landslide probability maps of the 2018 Hokkaido
event in Figures 14 (full area coverage) and 15 (an example zoomed area), and the 2017
Asakura event in Figure 16, shows that the recognition (detection) of landslide features is
acceptably good. It is also visible among the detailed views that in some cases the deviation
from the ground-truth polygons is not necessarily a model error, but a correction of weakly-
drawn or missing landslide polygons. In some cases, the original labels were not delineated

carefully and contained some portions of the non-landslide area. Thus, some of the
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calculated errors could be related to such issues. Ohki et al. (2020) excluded the boundary
area (areas within 10 m from the boundary of the landslide polygons) from their accuracy
validation step in order to avoid the influence of polygon error, since surveys may have
minor errors regarding the shapes of the polygons. Cui et al. (2021) also explain how the
type of imagery used, and the interpretation procedure can impact the landslide inventories,
showing significantly different number of polygons derived by different studies as the
ground-truth landslide inventories.

The non-landslide regions are generally assigned very low landslide probability
values in predicted maps, which indicates the model output is not much pixelated, which
is a common issue in pixel-based classification methods. Ghorbanzadeh et al. (2022)
reported that although DeepLabV3+ can detect most landslide regions well, it tends to yield
a high false-alarm rate, and many non-landslide pixels are misclassified as the landslide
category. However, in this study our observation does not comply with their conclusion,
which might be due to the significant difference in the type and resolution of the datasets
used.

As a final point, it should be emphasized that although the selected regions affected
by landslides differ in various aspects such as topography, triggers, and landslide shape
and size, most of them have high vegetation coverage, which is the main reason for the
often-limited model transferability to new areas without vegetation land cover. Then, the
transferability of models trained on this dataset alone remains a challenge for unseen

regions that are less vegetated.

140



08

Ho07

106

03

02

o1

Figure 4-14. Probability maps of the proposed deep learning model output on the 2018
Hokkaido earthquake, compared to the ground-truth GSI labels, with full coverage of the studied
area. Higher probability (closer value to 1) means higher possibility of the pixels belonging to
landslide class.
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Figure 4-15. Probability maps of the proposed deep learning model output on the 2018
Hokkaido earthquake, compared to the ground-truth GSI labels, with an example zoomed area
coverage. Higher probability (closer value to 1) means higher possibility of the pixels belonging

to landslide class.
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Figure 4-16. Probability maps of the proposed deep learning model output on the 2017 Asakura
rainfall, compared to the ground-truth labels published by Zhang et al. (2023). Higher probability
(closer value to 1) means higher possibility of the pixels belonging to landslide class.
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4.6 Conclusions and Future Works
In this work, we trained a deep learning CNN for mapping landslides from aerial or satellite

optical RGB imagery using transfer learning from the DeepLabV3+ with the pre-trained
ResNET50 base model. The model was trained, validated, and tested using the landslide
inventory and aerial imagery (0.5m resolution) from the 2016 Kumamoto earthquake
induced landslides. The trained model was then applied on two separate events (landslide
impacted region from the 2017 Hokkaido earthquake and landslide impacted region from
the 2019 Asakura rainfall events). For the 2017 Hokkaido event, the optical RGB imagery
was collected by xx and had an original resolution of 3m. The pretrained model had
acceptable accuracy only when the Hokkaido imagery was down-sampled to 0.5m. The
2019 Asakura rainfall event had the same resolution as the Kumamoto event and resulted
in similar accuracy. The proposed transfer learning model is applicable for post-event
landslide mapping with good cross-event transferability. It should be emphasized that
although the selected regions affected by landslides differ in various aspects such as
topography, triggers, and landslide shape and size, most of them have high vegetation
coverage, which is the main reason for the often-limited model transferability to new areas
without vegetation land cover. A few recent studies have tried to extend the transferability
of deep learning-based landslide detection methods by training the models via data from
multiple events (Yu et al., 2021; Ghorbanzadeh et al., 2022; Zhang et al., 2023). However,
this scheme is just in its beginning phase, and it still has a significant capacity to improve

and expand in order to achieve globally applicable models.
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4.8 Code Availability
Name of the code/library: Deep Transfer Larning for Landslide Mapping

Contact: adel.asadi@tufts.edu

Hardware requirements: The model was run on single 3.1 GHz Core i9 CPU on a PC with
64 GB RAM

Program language: MATLAB
Software required: MATLAB and ArcGIS
Program size: Less than 1 GB

The source codes are available for download at the GitHub repository of the first author of
the manuscript:

https://github.com/adel-asadi/Transfer Learning Landslide Mapping.

145


https://github.com/adel-asadi/Transfer_Learning_Landslide_Mapping

5 Regionally Informed Global Geospatial Modeling of
Earthquake-Induced Soil Liquefaction Using a System
of Voting Machine Learning Classifiers

Adel Asadi 12, Laurie Gaskins Baise !, Snehamoy Chatterjee 2, Weiwei Zhan 13, Alexander
Chansky !, Babak Moaveni !

! Geohazards Research Lab, Department of Civil and Environmental Engineering, School
of Engineering, Tufts University, Medford, MA 02155, USA.

2 Geological and Mining Engineering and Sciences Department, Michigan Technological
University, Houghton, M1 49931, USA.

% Texas Advanced Computing Center, Civil, Architectural and Environmental Engineering
Department, The University of Texas at Austin, TX 78758, USA.

(The material contained in this chapter is being submitted for review and possible
publication in Engineering Geology Journal — Elsevier Publications)

5.1 Abstract

Data-driven geospatial liquefaction models are valuable tools for real-time post-event
impact and regional seismic hazard assessments. Geospatial liquefaction models are based
on liquefaction occurrence inventories, widely available geospatial variables, and
earthquake-specific parameters. This research uses an updated inventory with geospatial
data from non-liquefaction and liquefaction occurrence locations in 53 earthquakes around
the world, including categorical and continuous variables representing proxies for soil
saturation, soil density, and earthquake loading. This study evaluates the performance of
advanced machine learning (ML) algorithms in learning complex nonlinear patterns in the
large dataset to predict liquefaction susceptibility, as an alternative approach to previously
published logistic regression classifiers. The proposed methodology starts with an
exploratory data analysis and feature selection scheme on the sampled data across both the

liquefaction and non-liquefaction classes. The reason is to remove redundant and less
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relevant features, run data transformations, and perform statistical analysis to define some
classification thresholds. The class and event imbalance issue is treated innovatively by
under-sampling large events and distributing the datasets over several balanced subsets.
Instead of training a single classifier, a system of voting machine learning classifiers is
designed to achieve higher accuracy and certainty. Different classification techniques are
used to balance the performance as a single classification technique cannot be considered
the best for all earthquake events. The voting classifiers use different portions of the data,
representing global, coastal/non-coastal, and regional information, to optimize the
predictive power of the proposed model by taking the majority votes of six different
classifiers. The classifiers include three global classifiers, two coastal/non-coastal
classifiers, and a regional classifier. For each data subset, the ML-based binary
classification model is trained and validated via a K-fold cross-validation approach. The
voting system is then tested based on the leave-one-out approach, by totally excluding
individual earthquake events one at a time for a fair accuracy, reliability, and applicability
assessment. The final class assignment is generated by a majority vote of the system of 6
voting classifiers trained by the individual data subsets. The results of this study are
compared with a model developed using logistic regression to investigate the benefits and

limitations of the proposed voting approach.

5.2 Introduction
Liquefaction is a well-known phenomenon of ground failure due to earthquake-

induced cyclic loading. Liquefaction hazard maps are necessary for earthquake risk
assessment and loss evaluation, and they are important for both pre-event planning and

post-event response and mitigation. Liquefaction susceptibility of soil deposits has been
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evaluated at different scales of global (Zhu et al., 2017), continental (Meisina et al., 2022),
regional (Berov et al., 2017) and local (Brankman and Baise, 2008), and using a variety of
inputs, including geotechnical (Boulanger and Idriss, 2014), geological (Youd and Perkins
1978), and geospatial (Zhu et al., 2015) input parameters. Machine learning (ML) has also
been successfully exploited in modeling liquefaction phenomena using such in-situ
experimental data (Xie at al., 2020) and has recently been used in liquefaction hazard

mapping (Geyin et al., 2022; Todorovic and Silva, 2022).

Geospatial methods can predict liquefaction spatial extent quickly for earthquakes
with existing global datasets and have therefore been integrated into the USGS Ground
Failure Products generated for recent earthquakes (Allstadt et al., 2022). Geospatial
liquefaction methods build on prior studies of liquefaction susceptibility, soil
amplification, and hydrology, which are based on the geological and depositional
conditions (Youd and Perkins, 1978; Knudsen and Bott, 2011), topographic characteristics
(Wald and Allen, 2007), and topographic controls on hydrology (Beven and Kirkby, 1979).
These methods have created the baseline for subsequent studies of liquefaction hazard

modeling via geospatial variables.

Logistic regression models have been developed for global and regional
liquefaction prediction maps, using a variety of geospatial explanatory variables (Zhu et
al., 2015; Zhu et al., 2017; Rashidian and Baise, 2020; Bozzoni et al., 2020; Baise et al.,
2021). Recently, advanced ML algorithms have also proved their power in liquefaction
hazard modeling (Geyin et al., 2022; Todorovic and Silva, 2022). Advanced ML

algorithms would allow more geospatial predictor variables to be used easily, compared to
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traditional logistic regression models, with greater potential for those explanatory variables
to be fully exploited. The conventional models require the developer to define the
importance of features, while ML can learn from the data more automatically and
efficiently based on the goal of increasing the accuracy of predictions (Geyin et al., 2022).
Algorithmic ML also enables better exploitation of complex nonlinear relationships that
cannot be fully exploited by traditional regression approaches (Liu and Tesfamariam, 2012;
Geyin et al., 2022). Zhang and Wang (2021) and Preethaa et al. (2022) have implemented
a weighted average voting system and aggregated classifiers using advanced ML
algorithms to classify liquefaction and non-liquefaction data based on data from SPT
(Standard Penetration Test) and CPT (Cone Penetration Test) tests. However, such an
approach has not been previously proposed for geospatial liquefaction hazard modeling, to

the best of the authors’ knowledge.

This study develops an efficient data-driven geospatial liquefaction model using
advanced ML algorithms to develop real-time post-event liquefaction maps. A system of
voting machine learning classifiers is proposed to improve the performance of geospatial
liquefaction models by incorporating regional information into the decision-making
process using a global dataset of earthquake-induced liquefaction occurrences. Combining
ML algorithms and implementing a voting classifier system reduces the risk of
misclassification. Furthermore, the proposed voting classifier system takes advantage of
regional data, when available, in parallel with optimal global models. For the first time, the
model proposed in this study uses a voting classification system to predict liquefaction

hazards by exploiting several geospatial proxies and advanced ML algorithms to improve
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the performance of liquefaction hazard modeling, and reduce the uncertainty associated

with individual methods.

5.3 Geospatial Liquefaction Model Background

5.3.1 Logistic Regression Models
Zhu et al. (2015) introduced a logistic regression-based geospatial model to predict

the probability of liquefaction after an earthquake on a regional scale (4 earthquakes from
Japan and New Zealand). The used a set of geographic explanatory variables as proxies for
ground motion intensity, soil density, and degree of saturation. The Zhu et al. (2015)
dataset was limited to spatially complete inventories so that the probabilities from the
model could represent the spatial extent of liquefaction. Yilmaz et al. (2020) performed a
large-scale liquefaction risk assessment of Portugal based on the Zhu et al. (2015)
approach. Matsuoka et al. (2015) followed a similar approach to a Japanese liquefaction
dataset. Still, their results are based on the Japanese geomorphological classification map,

which does not have global coverage (Todorovic and Silva, 2022).

Zhu et al. (2017) updated their previous logistic regression model (Zhu et al., 2015)
by expanding both the liquefaction database (26 earthquakes from New Zealand, China,
Taiwan, Japan, and the United States) and the number of geospatial explanatory variables,
and by proposing two distinct models for coastal and non-coastal regions. Their non-coastal
Global Geospatial Liquefaction Model (GGLM) is currently used by USGS (US
Geological Survey) in their “PAGER” system as the preferred liquefaction model, which
results in a liquefaction probability interpreted as liquefaction spatial extent (LSE). The

current USGS implementation of Zhu et al. (2017) is available as a product on the overview
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page for each earthquake on the USGS Earthquake Hazard Program website (Allstadt et
al., 2022). Coastal events were considered where liquefaction had occurred within ~20 km
of the coast or where the epicentral distance is less than 50 km to the coast for earthquakes

with little or no liquefaction (Zhu et al., 2017).

Their developed database was finally biased toward coastal earthquakes (Zhu et al.,
2017). Eighteen geospatial features were analyzed for GGLM as proxies of soil density,
soil saturation, and dynamic loading of the earthquake. The non-coastal model uses
ShakeMap’s PGV, topography-based Vs30, distance to a waterbody, water table depth, and
annual precipitation as explanatory variables, whereas the coastal model used PGV, Vs30,
distance to coast, distance to the river, and annual precipitation. In a later study, the
effectiveness of GGLM (Zhu et al., 2017) was improved by Rashidian and Baise (2020),
with a few threshold definitions on the explanatory variables of PGA, PGV, Vs30, and

annual precipitation.

Baird et al. (2018) have investigated the sensitivity of the geospatial liquefaction
models developed by Zhu et al. (2015 & 2017) to the quality, accuracy, and resolution of
the explanatory variables, especially for regions where high-quality data is accessible, such
as New Zealand in the case of Canterbury Earthquakes (2010-2016). Their findings
indicated that except for the case of Vs30, the standard or high-quality data would have a
negligible positive impact on the model performance. However, they strongly
recommended developing and using a high-quality and high-resolution VVs30 layers as the
input to the geospatial models (Baird et al., 2018). Lin et al. (2021) also evaluated the

performance of Zhu et al. (2017) models on the Canterbury earthquake sequence (4 events)
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that occurred in 2010 and 2011 in New Zealand. They concluded that the geospatial models
were unable to account for increased liquefaction severity caused by pre-shocks. They also
investigated the impact of replacing the global input variables with regional New Zealand
datasets, which did not significantly improve the prediction accuracy of the models but led
to improved spatial accuracy (Lin et al., 2021). Geyin et al. (2020) also concluded that the
geospatial liquefaction model modified by Rashidian and Baise (2020) defines the
condition susceptible to liquefaction if the ground is flat, saturated, and near water. They
suggested that mapped geological data can be used to reduce geologic errors due to soils
that aren’t susceptible to liquefaction (e.g., clays, peats, or gravels) (Geyin et al., 2020).
Geyin et al. (2020) tested the Zhu et al. (2017) model against 18 CPT-based models using
field data and verified the geospatial model’s potential while reporting less accurate

performance compared to CPT-based models.

Bozzoni et al. (2020) also computed liquefaction potential maps via logistic
regression after pre-filtering the datasets to exclude the regions that were incompatible with
liquefaction geologically (e.g., rocky formations). They also filtered regions that were
impacted by a ground-shaking severity too low to initiate liquefaction (using a threshold
of 0.1 g for horizontal peak ground acceleration). They have selected their optimal
geospatial variables via the Luco and Cornell methodology based on the criteria of
efficiency, practicality, and proficiency (Cornell and Luco, 2001). Bozzoni et al. (2020)
used In(Vs30), CTI and In(PGAm), based on their feature selection and transformation

approaches, which is in agreement with the proposed variables by Zhu et al. (2015).
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Baise et al. (2021) enhanced the performance of the GGLM model (Zhu et al., 2017;
Rashidian and Baise, 2020) by adding more recent earthquakes (51 earthquakes in total,
including 6 non-liquefaction events), and a few explanatory variables including elevation
above water body, soil and sediment thickness (Pelletier et al. 2016), topographic
roughness index, and topographic position index. They re-modeled the logistic regression
using the improved database, and introduced two best-fit models (GGLM-21-a and
GGLM-21-b) among their test models. The best-fit model uses PGV, TRI, distance to
closest coast, distance to nearest river, and elevation above the closest water body as the
explanatory variables. The second best-fit model uses slope-based Vs30 instead of TRI,
and other variables remain the same. They also performed a regional evaluation and
reported that the performance was best for Japan, North America, and Oceania and
relatively weaker for Europe and South America, probably due to a smaller number of
earthquake events included in the database (Baise et al., 2021). Based on the results of the
study by Baise et al. (2021), their recommended updated global geospatial liquefaction’s

logistic regression model (GGLM-21) was described by Equation 1.

1
14e~X

P(x) = (1)

Where, P(X) is the probability of liquefaction which lies between zero and 1; and X includes
explanatory variables that describe density, saturation and loading conditions which is
given by Equations 2 and 3 leading to the two introduced models of GGLM-21-a and
GGLM-21-b, respectively. The coefficients are provided in the report by Baise et al.

(2021).
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5.3.2 Analytical Hierarchy Process (AHP) Methods

Bozzoni et al. (2021) developed a geospatial methodology for zoning the earthquake-
induced soil liquefaction risk at a European continental scale using Analytical Hierarchy
Process (AHP), a multi-criteria knowledge-based decision analysis (Saaty, 1980). They
established a Geographic Information System (GIS) environment to couple data-driven and
knowledge-driven approaches for their liquefaction susceptibility mapping. Since
liquefaction is a phenomenon of soil instability that occurs at a very local spatial scale,
mega-zonation of the liquefaction risk at a continental or global scale is a great challenge,
and relatively low accuracy is tolerated (Bozzoni et al., 2020 & 2021). AHP is considered
strong, robust tool for knowledge-based modeling in data-scarce environments, or in
discontinuous data series in time and/or space dimensions (Castellanos et al., 2007;

Gorsevski and Jankowski, 2010; Pisano et al., 2017; Zumpana et al., 2022).

AHP was also used by Zumpana et al. (2022) for regional-scale geospatial liquefaction
mapping of Foggia Province, Italy, validated using local borehole geological and
geotechnical data. Zumpana et al. (2022) used PGAxVs30 as a geospatial predictor instead
of using each independently, which resulted in the highest weight among their eight
predictor variables, followed by Lithology and Water Table Depth. Karpouza et al. (2021)
introduced an AHP-based GIS approach for simultaneous hazard zonation mapping of
earthquake-induced secondary effects. Their implemented methodology is supposed to

categorize and discriminate regions prone to landslides, liquefaction, or both, using several
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geospatial variables selected as influential factors. However, the expert subjectivity of AHP

in the feature ranking and weighing process is a drawback of such methods.

5.3.3 Advanced Machine Learning Algorithms

Even with the recent rich literature in global and regional geospatial liquefaction
models, liquefaction map accuracy is still limited. Regional biases persist, necessitating
more quality research studies with innovative solutions. The previously introduced models,
e.g., Zhu et al. (2017), Bozzoni et al. (2020), and Baise et al. (2021) use parametric models
(Logistic Regression), which may need re-calibration of the parameters when applied to a
region where they are not well trained on (Todorovic and Silva, 2022). Recent advances in
ML with algorithms that do not require a strong assumption about their functional form, in
addition to the availability of large liquefaction datasets, provide an opportunity to achieve

higher accuracy of geospatial liquefaction models.

Geyin et al. (2022) used field test data to develop geospatial models driven by
algorithmic learning of Al (Artificial Intelligence) methods but pinned to a physical
framework of liquefaction mechanics. They used remotely predicted subsurface cone

penetration test (CPT) measurements in their Al-driven model.

A few studies have used the Random Forest algorithm (Breiman, 2001) to create
geospatial liquefaction models (Durante and Rathje, 2021; Todorovic and Silva, 2022). It
consists of multiple independent decision trees to solve classification and regression
problems. The overall average of the prediction by those trees will be the final response of
the random forest model. Todorovic and Silva (2022) have recently introduced a non-

parametric Random Forests model which can learn any functional form from the training

155



dataset, thus not requiring the model developer to formulate the function. Todorovic and
Silva (2022) have reported higher predictive accuracy of their Random Forests model
compared to the logistic regression model (GGLM-17) published by Zhu et al. (2017). The
optimal variables Todorovic and Silva (2022) used in their machine-learning model include
strain proxy (a ratio between PGV and Vs30), slope, topographic roughness index, water-
table depth, average precipitation, and distance to the closest water body. Similar to
Bozzoni et al. (2020), Todorovic and Silva (2022) have also used the method proposed by
Cornell and Luco (2001) for their optimal feature selection step. In addition, they used the
proficiency parameter (Padgett et al., 2008) to rank their candidate geospatial variables.
Proficiency is the ratio between efficiency (Luco and Cornell, 2007) and practicality
(Mackie and Stojadinovic, 2002). The lower the value of this metric, the better the

correlation of the variable with liquefaction occurrence (Todorovic and Silva, 2022).

5.4 Datasets
Training ML models require a large amount of data points. Therefore, a global inventory

was built from liquefaction manifestations that occurred in 47 earthquakes on different
continents, in addition to 6 earthquakes with only non-liquefaction samples (53
earthquakes in total), as summarized in Baise et al. (2021). The earthquakes were selected
based on the quality and quantity of available information in terms of seismological data,
geospatial information, and well-documented liquefaction occurrences (precise location,
etc.). The goal was to sample a variety of earthquakes in terms of magnitude and geologic
settings to ensure a well-distributed database. The earthquake events are listed via Table
A-1 in the Appendix section. The earthquakes are labeled as coastal or non-coastal with

the same approach used by Zhu et al. (2015 & 2017) and Baise et al. (2021). We also add
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six regional categories to group events geographically. Figure 1 presents a map showing
the geographical distribution of earthquake data around the globe on an aerial map grouped
by region. Figure 2 represents the historical timeline of the earthquakes. The oldest event
in the inventory is the 1949 Puget Sound earthquake; the most recent earthquake occurred

in 2016.
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Figure 5-1. World aerial map showing the geographical distribution of earthquake data
used in this study.
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Figure 5-2. Historical earthquakes used in the inventory by region.

Figure 3 shows the comparative histogram of the frequency of earthquake samples
per class of liquefaction and non-liquefaction. A few earthquakes, including the Canterbury
earthquake sequence 2010-2011 (Christchurch and Darfield) in New Zealand and a few
earthquakes in Japan (Kobe, Nihonkai, Tohoku, and Nigata earthquakes) dominate the
liquefaction samples in the inventory. Denali, Wenchuan, Maule, and Puget Sound
earthquakes contain the majority of the non-liquefaction data samples. The average number
of samples per class (2085 for non-liquefaction and 2577 for liquefaction) across the events
is also plotted as a horizontal line in Figure 3. The total number of samples in the inventory

is 247,114, with 136,600 liquefaction samples (55.28 % of the inventory).
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Figure 5-3. Histogram of the inventory samples by earthquake and class. The horizontal

lines are indicative of the average number of samples per class across all earthquake
events.

Increasing the number of samples, the number and regional diversity of
earthquake events, and sampling a broader range of explanatory variables improves the
generalization of the proposed model in terms of future predictions (Hastie et al., 2001;
Zhu et al., 2017). Zhu et al. (2017) demonstrated how the addition of non-liquefaction

earthquake events helps to distinguish liquefaction versus non-liquefaction classes better.

All the samples included in the inventory are discrete points, and no spatial
polygons are used in this study. The spatial reference (latitude and longitude) of the
liquefaction points were either derived from the reconnaissance reports, mapped using
their geographic coordinates, or digitized through images and maps within the published
literature, similar to Zhu et al. (2017). It should be noted that it is possible that some

instances of liquefaction phenomena might have not been recorded, and there might be
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uncertainty in the recorded liquefaction data. For instance, The Bhuj earthquake’s
samples were recently removed from the inventory used by Baise et al. (2023). The data
from the Bhuj earthquake were derived from a remote sensing study (Singh et al., 2002)

that lacks validation.

The dataset used in this study was collected by Zhan et al. (2023). Following the
procedure used by previous researchers (Zhu et al.,2017; Bozzoni et al.,2020; Baise et al.,
2021; Todorovic and Silva, 2022), two circular buffers (with a radius of 1 km and 15 km)
were defined around each liquefaction point (manifestation observations) for the spatially
incomplete data. The non-liquefaction sampling was performed in the area outside the 1
km but within the 15 km buffers on a grid with 1.5 km spacing (Zhan et al., 2023). Figure
4 shows the sampling strategy adopted in this research. A similar sampling approach has
been implemented previously for landslide susceptibility mapping (Van Den Eeckhaut et

al., 2012).

® Liquefaction Record

) e Non-Liquefaction Sample

° e Non-Sampling Liquefaction Zone
0 (1 km Buffer)

L] Non-Liquefaction Sampling Zone
@ ) (15 km Buffer)

Figure 5-4. Non-liquefaction record sampling strategy used to develop the inventory. The
red points are liquefaction occurrence records in the inventory, and the blue points are
non-liguefaction sampled points within the buffer zone.
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A total of 28 geospatial explanatory variables were used in this study, including
two categorical and 26 continuous variables, falling within three categories of soil density
(11 variables), saturation (14 variables), and earthquake loading (3 variables). Table 1 lists
the variables with their brief description. The complete explanations with references and
sources of the datasets used are provided in Table A-2 in the Appendix section. Each model
variable is available as a global layer in the World Geographic Coordinate System 1984
(WGS1984) with a resolution of 30 arc-sec (~900 meters on the Equator).

Table 5-1. List of explanatory geospatial variables used in the study (* is the indicator of
categorical variables).

Category
No. Name Unit Description

Density | Saturation | Load

Time-averaged shear-wave velocity

. - m/s over the first 30 m

2 Elevation m Elevation

3 Slope deg Topographic slope

4 Thickness m Soil and sedimentary deposit thickness

5 Landcover - Uplands vs. Lowlands (binary) *
6 TPI m Topographic Position Index

7 TRI m Topographic Roughness Index

8 Roughness m Surface roughness

9 CTI - Compound Topographic Index

Landform and physiographic (land %
10 Landform facet) patterns (15 classes).

11 Aspect deg Slope aspect

12 PGA g Peak Ground Acceleration
13 PGV cm/s Peak Ground Velocity
14 | Magnitude | Mw Earthquake magnitude
15 DC km Distance to coast (source 1)
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16 DC2 km Distance to coast (source 2)

17 DR km Distance to river (source 1)

18 DR2 km Distance to river (source 2)

19 DL km Distance to Lake

20 DWB Kkm Distance to the pearest waterbody

(alternative source)
Distance to nearest waterbody (source

21 DWB2 km 1: minimum of DL, DR and DC)

22 WBE m Elevation of the nearest waterbody

23 HWEB m Height above neargst surface
waterbody (alternative source)
Height above nearest waterbody

4 HWB2 m .

2 (source 1: Elevation — WBE)

25 HAND m Height above nearest drainage

26 WTD m Water Table Depth

27 Premgltatlo mm Mean annual precipitation

28 Al - Aridity Index

5.5 Methodology

In this research, a novel system of voting ML classifiers is proposed as an alternative to
logistic regression based geospatial liquefaction models. The system of voting machine
classifiers allows for the inclusion of multiple global models, coastal and noncoastal
models, and geographic regional models. The dataset is balanced across events by
considering a cap for the number of samples per class. The sampled imbalanced data (in
terms of binary classes) is distributed into subsets of balanced training data: 3 global

models, 2 coastal models, 2 non-coastal models, and 6 geographic regional models. The
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system of classifiers is implemented through both majority voting and soft voting of the
classifiers. The model performance is assessed with a leave-one-out testing approach,
which means that data of individual earthquake events are excluded from the training data

in a loop over all events. The flowchart of the proposed system is presented in Figure 5.

‘ Liquefaction Soil Liquefaction
Goosplﬂll lmm Balanced Data Subsets System of Voting Classifiers Hazard Map
: Co—————— 5 o e =
| Global 1 : | Support Vector Machines :
| |
|| |
FashireSalaction : Global 2 T | Discriminant Analysis | thmi::::
' I I | , :
: Global 3 t T K-Nearest Neighbor I
| I |
W | Coastal/Non-Coastal 1 t Decision Trees |
| I | | Binary Classification
| | Coastal/Non-Coastal 2 L } Naive Bayes | | (Leave-One-Out Testing) |
event slanc | : | | —
| Regional T : Logistic Regression :
; I_ P, S S e G S SE NN S . -l
[ s';;;'g;::::;w Hard Voting

(Majority Vote)

Figure 5-5. Flowchart of the proposed voting classification approach. Since 6 regions are
considered in the inventory, 6 different regional models will be utilized based on the
individual earthquake being tested.

5.5.1 Exploratory Data Analysis
Different types of exploratory data analysis (EDA) techniques were used to evaluate the

features in terms of redundancy and relevance to the binary classification problem in this
research. Various univariate (histograms, box plots, bar plots, etc.) and bi-variate
(correlation analysis, etc.) analysis methods were considered to evaluate the parameters’
class separability and their relationship. Feature transformations were proposed to improve
the performance of several features in distinguishing the classes of liquefaction and non-

liquefaction. After the EDA process, the data of all features (Xi), except the categorical
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variables are normalized using the Z-score method to have a mean of zero and standard
deviation of one, as presented via Equation 4, where u is the mean, and o is the standard
deviation of each variable. Since most ML algorithms perform better when variables have
a Gaussian distribution (Geyin et al., 2022), all predictors were transformed and

normalized.

Z =— 4)

5.5.2 Data Imbalance
Data imbalance can be problematic for ML classification models as they are designed
for balanced datasets; otherwise, their predictions will be biased toward the majority
classes (Weiss and Provost, 2001). The spatially incomplete nature of the liquefaction
inventory database and the associated class imbalance strongly influence the model's
probabilities (Oommen et al., 2011; Thompson et al., 2016; Zhu et al., 2015 & 2017). One
solution to encounter this issue is to under-sample the majority class by random sampling
(Fernandez et al., 2019). The other solution could be to over-sample the minority class
using synthetic data generation techniques. Bozzoni et al. (2020 & 2021) resolved the issue
of class imbalance by trying commonly used synthetic data generation (over-sampling)
algorithms, including SMOTE (Chawla et al., 2002) and ADASYN (He et al., 2008).
However, such methods can be uncertain in terms of losing valuable information in under-
sampling and adding noise and unrealistic samples to the data in the over-sampling process.
Zhu et al. (2015) chose to use a highly imbalanced dataset (almost 13 non-liquefaction
samples per each liquefaction record) because they aimed to develop a probability

estimator that predicted the areal extent of liquefaction and wanted the probability to
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correlate to the spatial extent. However, in their later version, Zhu et al. (2017) balanced
their database after performing the non-liquefaction sampling process. Similarly, Baise et
al. (2021) used a balanced sampling strategy, where the more significant liquefaction
events are under-sampled so that they don’t dominate the model. They capped the number
of liquefaction and non-liquefaction points from each earthquake to 2000 and 1000 points,

respectively.

In this study used an alternative approach. The dataset is balanced across the events by
considering a cap for the number of samples per class (2085 for non-liquefaction and 2577
for liquefaction) based on the information presented in Figure 3. Then, the resulting dataset
which contains ~27 % liquefaction samples are distributed over six various balanced
subsets, including three sets of global data, two sets of coastal/non-coastal data (depending
on the earthquake being tested), and a set of six geographical regional datasets, based on
the regional categorization of the events, presented via Table A-1 and Figure 1. Because
the method is demonstrated with the leave-one-out approach to model evaluation, the data

of the tested earthquake is not included in any of the data subsets.

5.5.3 Feature Selection via Machine Learning

After removing a few features (explanatory geospatial variables) through the EDA process,
a feature selection scheme is implemented to remove any features with zero or near-zero
weight in the classification process. The strategy in this research is to keep explanatory
variables as long as they are informative. The goal of feature selection is to reduce the risk
of model over-fitting, to improve accuracy, and reduce training time. Neighborhood

component analysis (NCA) is used in this study as the feature selection technique. NCA is
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a ML algorithm for metric learning that learns in a supervised manner to improve the
classification accuracy of a stochastic nearest neighbors’ rule in the transformed space
(Goldberger et al. 2005). The algorithm best estimates feature importance for distance-
based supervised models that use pair-wise distances between observations to predict the
response (Guyon and Elisseeff, 2003). NCA feature selection is performed with
regularization to learn feature weights to minimize an objective function that measures the
average leave-one-out classification loss over the training data (Yang et al., 2012). The
regularization term (A) in NCA’s objective loss function derives the weights of irrelevant
predictors to zero. As the number of observations n increases, the chance of overfitting
decreases, and the required amount of regularization also decreases. A is considered 1/n,
where, n is the number of samples, as an approximately good selection for the
regularization parameter. The stochastic gradient descent algorithm was used as the solver

to estimate feature weights.

5.5.4 Classification Modeling
The logistic regression models developed in the studies by Zhu et al. (2015), Zhu et al.

(2017), and Baise et al. (2021), were based on an intentional strategy to develop a simple
model that uses parameters that reflect the underlying physics of the problem, and can be
used easily and quickly for future events. In this work, the goal is to increase the predictive
accuracy through the use of a complex ML model, and to exploit as many features as

possible, if beneficial.
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5.5.4.1 Classification Thresholds
Thresholds have commonly been used in geospatial liquefaction models to prevent

overfitting and to include thresholds related to physical limits to liquefaction occurrence.
The GGLM model (Zhu et al., 2017) used a PGV minimum threshold of 3 cm/s. Rashidian
and Baise (2020) modified the GGLM model by recommending a PGA minimum threshold
of 0.1 g as an additional threshold to better characterize the step-function behavior of the
PGA plot. A threshold of 0.1 g for horizontal peak ground acceleration (PGA) was also
used by Bozzoni et al. (2020) to reduce the spatial extent of liquefaction from prior
geospatial liquefaction models, based on experimental data showing that liquefaction
triggering is highly unlikely for PGA values of less than 0.10 g (Green and Bommer 2019).
Based on the inventory used herein, liquefaction has occurred in the 2012 M6 Emilia

Earthquake in Italy when PGA < 0.1 g indicating that this threshold may be too high.

The US Geological Survey (USGS) has also implemented a magnitude scaling factor
(MSF) to the PGV term in the GGLM equation to reduce the over-prediction for low-
magnitude earthquakes (M < 6). Rashidian and Baise (2020) have left the decision on using
MSF to the GGLM model users, since they didn’t observe any considerable positive or
negative impact in their comparative analysis for high-magnitude earthquakes where over-
prediction is more likely to happen, although they confirmed that the spatial extent of

liquefaction will be moderated for low-magnitude events when using this factor.

Zhu et al. (2017) also implemented a maximum threshold of 620 m/s for the Vs30,
which means that any point with a VVs30 value of greater than the threshold is automatically

considered as non-liquefaction. In the current inventory, this VVs30 threshold leads to under-
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prediction in for the 1993 M7.7 Hokkaido earthquake in Japan. Rashidian and Baise (2020)
also recommended the use of an upper bound for GGLM (Zhu et al., 2017), when annual
precipitation of a region exceeds 1700 mm, which was the upper quartile of annual
precipitation in their development database of earthquakes, since overprediction of
liquefaction was observed in regions with high precipitation. The annual precipitation
threshold reduced the over-prediction of liquefaction in the 14 affected earthquake events

in their study.

The use of thresholds has also been used in the study by Jena et al. (2022) in their deep
learning model of liquefaction hazard for Australia. They have applied thresholds for
different input variables including magnitude of Mw6. Green and Bommer (2019)
concluded that earthquakes as small as Mw 4.5 can trigger liquefaction in extremely
susceptible soil deposits, based on their field observations and a simple parametric study.
However, they have indicated that for soil profiles which are appropriate for building
structures, the minimum Mw 5 can be considered for liquefaction triggering (Green and
Bommer, 2019). In this study, the threshold value of Mw 5 is considered as the minimum
liquefaction triggering earthquake magnitude, although the lowest magnitude in the

inventory, leading to liquefaction occurrence was 5.8 Mw.

In the current version of the GGLM models (GGLM-21-a and GGLM-21-b), Baise et
al. (2021) do not retain the thresholds established by Zhu et al. (2017) and Rashidian and
Baise (2020) around PGA, PGV, precipitation, and Vs30, since only 1.5% of the liquified
data points in their inventory violate those thresholds. In the current study, we use the

magnitude judgement-based thresholds and then rely on data-driven thresholds. Data
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driven thresholds are only used for the features that are used in the final model, and do not
violate the physics-based criteria of liquefaction triggering. It should be noted that the
thresholds are designed to optimize the model performance as a post-processing step after

the classification modeling, and no sample bypasses the classification step.

5.5.4.2 System of Voting Classifiers
This study proposes a system of voting machine learning classifiers to create liquefaction

hazard maps. There are several benefits in implementing such approach, including 1)
Reduction in sensitivity to under-sampling the dataset for the purpose of balancing, and
taking advantage of all available valuable data, instead of under-sampling the majority
class; 2) Reduction in model errors/uncertainties and inaccurate predictions by taking
average of several model predictions, leading to stabilization of predictions and better
generalizability and consistency of hazard modeling; 3) Benefiting from different type of
classifiers, since not a single classifier is the best to predict all events; 4) Regional and
coastal/non-coastal optimization of the classification decision by including these special
classifiers in addition to the global classifiers; and 5) The ability to generate probability

maps in a continuous form (soft voting) rather than 0-1 binary (hard voting) prediction.

Six different algorithms are used in this study, as shown in the model flowchart via
Figure 5. These algorithms are widely used ML algorithms for classification purposes.
They include support vector machines (SVM), discriminant analysis, K-nearest neighbor
(KNN), decision trees, Naive Bayes, and logistic regression, which are used as three global,
two coastal/non-coastal, and a regional classifier, respectively. The k-fold cross-validation

was used within the training step for all 6 classifiers to avoid overfitting (Kohavi, 1995).
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The method divides the training dataset into k (k=5 in this study) smaller folds with equal
number of samples points for the optimization of parameters. The proposed classification
algorithms' hyperparameters and architecture were optimized separately with a grid search
approach during the training process to achieve the best performance. A brief description

of the classification algorithms used in this study is provided in the following sub-sections.

5.5.4.3 Support Vector Machines
Support vector machines are widely used and reported among the best-performing binary

classifiers, although they are also used to solve multi-class problems. The objective of the
SVM algorithm is to find a hyperplane that, to the best degree possible, separates the data
points of one class from those of another class via the hyperplane with the largest margin
between the two classes. Margin means the maximal width of the slab parallel to the
hyperplane that has no interior data points. The algorithm can find such a hyperplane only
for linearly separable problems. For most practical problems, the algorithm maximizes the
soft margin allowing a small number of misclassifications. Support vectors refer to a subset
of the training observations that identify the location of the separating hyperplane (Vapnik,
1995; Christianini and Shawe-Taylor, 2000; Hastie et al., 2009). In this study, the efficient
linear SVM is used as a classifier for one of the global models in the voting classification

system, which is less prone to over-fitting.

5.5.4.4 Discriminant Analysis
Discriminant analysis is used as a supervised classification method, which assumes that

different classes generate data based on different Gaussian distributions (Fisher, 1936). To
train the classifier, the fitting function estimates the parameters of a Gaussian distribution

for each class and finds the smallest calculated misclassification cost to predict classes of
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new (unlabeled) data. The linear discriminant analysis (LDA), which is less prone to
overfitting, is used in this research computes the sample mean of each class. Then it
computes the sample covariance by first subtracting the sample mean of each class from
the observations of that class and taking the empirical covariance matrix of the result (Guo

et al., 2007).

5.5.4.5 K-Nearest Neighbors
The K-nearest neighbors’ algorithm is a non-parametric, supervised learning classifier

which uses proximity to make classifications or predictions about the grouping of an
individual data point. Categorizing query points based on their distance to points in a
training data set can be a simple yet effective way of classifying new points. K-nearest
neighbor (KNN) classifiers can use various metrics (Euclidean distance, in this study) to
determine the distance between a set of data and query points. KNN classifier simply ranks
the points by their distance to the query points in order to label them as the closest class,
assuming that similar points can be found close to each other. A class label is assigned
based on a majority vote, meaning the most frequently represented label around a given
data point is used (Cover and Hart, 1967). The value of K is optimized to avoid over-fitting

and under-fitting on the global data.

5.5.4.6 Decision Trees
Decision trees, or supervised non-parametric classification trees, predict responses to data

inputs by following the decisions in the tree from the root (beginning) node down to a leaf
(end) node, which contains the response (Breiman et al., 1984; Rokach and Maimon, 2008).
In tree structures, which are famous for their simplicity and easy interpretability, leaves

represent class labels, and branches represent conjunctions of features that lead to those
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class labels. Classification trees give nominal responses, such as liquefaction or non-
liquefaction. A tree is built by splitting the source set, constituting the root node of the tree,
into subsets that constitute the successor children. The splitting is based on a set of splitting
rules based on classification features (Shalev-Shwartz and Ben-David, 2014). This process
is repeated on each derived subset in a recursive manner called recursive partitioning. The
recursion is completed when the subset at a node has all the same values of the target
variable or when splitting no longer adds value to the predictions. The cost of using the
tree (i.e., predicting data) is logarithmic in the number of data points used to train the tree.
Thus, the classifier is assigned to the coastal/non-coastal part of the model, which can deal

with a low number of data when the tested event is non-coastal.

5.5.4.7 Naive Bayes
Naive Bayes is a classification algorithm that applies density estimation to the data. The

naive Bayes classifier is designed based on the naive assumption that predictors are
independent of one another within each class (Hastie et al., 2009). While the class-
conditional independence between predictors is not true in general, research shows that this
optimistic assumption works well in practice. It classifies data in two steps: 1) Using the
training data, the method estimates the parameters of a probability distribution, assuming
predictors are conditionally independent given the class; then, 2) For any unseen test data,
the method computes the posterior probability of that sample belonging to each class. The
method then classifies the test data according to the largest posterior probability (Manning
et al., 2008). This study uses normal (Gaussian) predictor conditional distribution in the
training function. This assumption of class-conditional independence of the predictors

allows the naive Bayes classifier to estimate the parameters required for accurate
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classification while using less training data than many other classifiers. That is why Naive
Bayes classifier is assigned to the coastal/non-coastal part of the model, which can deal
with low data when the tested event is non-coastal. This makes it particularly effective for

data sets containing many predictors.

5.5.4.8 Logistic Regression
Logistic Regression is a supervised ML algorithm that is commonly used for binary class

classification problems. Logistic regression is currently one of the most well-known and
widely used ML algorithms (James et al., 2013). Logistic regression operates using a
sigmoidal function for values between 0 and 1. A logistic regression algorithm takes as its
input a feature vector and outputs a probability, where the feature vector represents an
object belonging to the positive class. Since the logistic regression model is very simple,
compared to the other classifiers used in this study, it is assigned to the regional datasets,
as these datasets are expected to have more common characteristics, compared to global

and coastal/non-coastal models.

5.5.5 Model Validation
5.5.5.1 Leave-One-Out Testing
The validation of the system is done by excluding data from an individual

earthquake from the training process, and independently evaluating the inventory for that
event in a leave-one-out testing approach. This process is done to fairly assess the
performance of the model for new unseen earthquakes. This approach is different than the
validation scheme followed by previous studies (Zhu et al., 2017; Todorovic and Silva,
2022), where they use all or a large portion of samples from all earthquakes in the training

and model development process. This approach leads to a better understanding of the
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performance of the system in an unbiased way and provides insights into system of

classifiers.

Figure 6 provides a visual explanation of the model assessment and implementation
and provides an example of how the soft and hard voting systems work with data from an
unseen earthquake event. In this study, hard voting considering the majority votes of the
classifiers. If at least 3 classifiers label a sample with liquefaction (class 1), the point will
be classified as liquefaction. As an alaternative, the soft voting can generate probability-
based liquefaction maps that take into account epistemic uncertainty. The soft voting
decision is made by taking the average of the class labels predicted by the classifiers in the
voting system. In this research, since multiple classifiers are used to automatically balance
each other’s outputs, the majority hard voting (3+ votes in favor of either class) is
considered as the suitable boundary between the two classes and is similar to the optimal

threshold used by Bozzoni et al. (2020) in their logistic regression model (0.57).
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Figure 5-6. The leave-one-out testing approach used in this study, plus an example of
how the final classification decision is made via hard voting or soft voting procedures.
Global classifiers 1, 2 and 3 are SVM, discriminant analysis, and KNN, respectively.
Coastal/non-coastal classifiers 1 and 2 are decision trees and Naive Bayes, respectively,
and the regional classifier uses logistic regression.

5.5.5.2 Accuracy Indices
In order to evaluate accuracy, we use the hard voting with majority voting so that each

pixel is labelled as 1 (liquefaction or positive class), or 0 (non-liquefaction or negative
class). The performance of the model was assessed via ROC (Receiver Operating
Characteristics) analysis and expressed via the Area Under Curve (AUC) parameter. In a
ROC curve, the Sensitivity or True Positive Rate (TPR) is plotted against the Specificity

or False Positive Rate (FPR). The TPR and FPR are calculated via Equations 5 and 6.

e TP
Sensitivity = TPR = pp— (5)
e TN
Specificity = TNR = e (6)
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Where, TP (True Positive) is liquefaction predicted as liquefaction, FP (False Positive) is
non-liquefaction predicted as liquefaction, TN (True Negative) is non-liquefaction
predicted as non-liquefaction, FN (False Negative) is liquefaction predicted as non-
liquefaction. The AUC ranges between 0.5 (random classifier) and 1 (100% accurate
classifier). These accuracy indices (Sensitivity, Specificity, and AUC) are provided for the
models alongside the Prevalence, which shows the percentage of the specific earthquake
dataset belonging to the positive class (liquefaction). The AUC values are compared with

previous works and among the models presented in this study.

5.6 Results and Discussion

5.6.1 Exploratory Data Analysis
In the exploratory data analysis (EDA) step, two main goals were pursued: 1) EDA-

based and knowledge-based feature removal; and 2) Implementation of appropriate feature
transformations. As a result, several features were removed or transformed before
undergoing the ML-based feature selection. Table 2 provides the results of the 11 features
removed and the reasons behind the decisions. As an example, roughness was removed
because of very high correlation to TRI, leading to redundancy in features (Figure 7-a).
Similarly, aspect variable was removed because of the lack of separability between the two

classes of liquefaction and non-liquefaction (Figure 7-b).

PGA is frequently used in liquefaction modeling methods (Seed and Idriss, 1971; Zhu
et al., 2015; Bozzoni et al., 2020) because it is proportional to the maximum shear stress
induced in the sediment (Terzaghi et al., 1996). However, PGV has shown a stronger

correlation with liquefaction occurrence than PGA in several studies (Orense, 2005; Zhu
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et al., 2017; Baise et al., 2021). This implies that soil liquefaction could be more sensitive
to the low-frequency components of the ground motion, and liquefaction is more dependent
on input kinetic energy, which is well-characterized by the PGV (Kotoda et al., 1986;
Midorikawa and Wakamatsu, 1988; Liang et al., 1995; Orense, 2005; Bardet and Liu,
2009). Additionally, Bardet and Liu (2009) observed nonlinear behavior between the PGV
and the empirical probability of liquefaction. As PGV increases, the probability of
liquefaction rapidly increases and then reaches a plateau when PGV is greater than a
threshold of 10 cm/s. Therefore, PGA was removed from the features based on the previous

knowledge in published literature, and PGA was PGV was retained as the loading feature.
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Table 5-2. EDA-based and knowledge-based feature removal results.

Number | Removed Reasoning

Feature
1 DR2 Repetitive information from alternative source
2 DC2 Repetitive information from alternative source
3 Precipitation o Correlation with Al (redundancy)

o Previous knowledge from literature on over-prediction
issues (Rashidian and Baise, 2020)

4 PGA o Previous knowledge from the literature on the
superiority of PGV in correlating with liquefaction
occurrences (Zhu et al., 2017)
o Correlation with PGV
5 DWB?2 Repetitive information from alternative source
6 HWB?2 Repetitive information from alternative source
7 Slope Correlation with TRI (redundancy)
8 Roughness Correlation with TRI (redundancy)
9 Aspect No observable separability of classes in univariate and bi-
variate analysis with other features (irrelevance)
10 Landform High number of classes leading to several categorical
dummy variables in the classification modeling
11 Landcover Binary categorical data, not desirable based on the

designed voting classification method
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Figure 5-7. a) High linear correlation with regression coefficient of R=0.99 between the
two variables pf roughness and topographic roughness index (TPI); and b) Comparative

box plots of the aspect variable per class, showing almost similar behavior of data in the
two classes.

Feature transformations were applied when the transformation resulted in increased
ability to distinguish the two classes. Table 3 presents the feature transformations
implemented in this study. The shaking parameters (PGV and PGA) are well-represented
by a lognormal distribution; thus, they were transformed by taking their natural logarithm.
The same transformation was applied to the Vs30 values. Several previous studies have
used these transformations (Zhu et al., 2017; Bozzoni et al., 2020; Baise et al., 2021;
Todorovic and Silva, 2022). The distributions of some variables were skewed (distance to
the water body and water table depth); thus, they were transformed by taking the square
root of the original values. This transformation was also used by Todorovic and Silva
(2022). TPI and TRI were transformed in the study by Baise et al. (2021) by taking the

square root of the absolute value. Figure 8 illustrates the benefit of feature transformations
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on the TPI variable. Baise et al. (2021) have also used square-root transformation for
distance to the closest waterbody, elevation above the closest waterbody, and elevation.
Table 5-3. Feature transformation techniques used in this study. “Ln”, “SQRT”, “ABS”,

and “x”, stand for natural logarithm, square root, absolute value, and the original value,
respectively.

Number Feature Transformation Technique

1 PGV Ln (x)

2 DL SQRT (x)

3 DWB SQRT (x)

4 HWB SQRT (ABS (x))
5 WTD SQRT (x)

6 HAND SQRT (x)

7 V/s30 Ln (x)

8 TPI SQRT (ABS (x))
9 TRI SQRT (ABS (x))
10 Elevation SQRT (x)
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Figure 5-8. a) Comparative box plots of the original TPI data of the two classes, versus b)
Transformed TPI data (square root of the absolute value), showing the shift in their
comparative means, and better distinguishment between the two classes.

5.6.2 Feature Selection via Machine Learning
Neighborhood component analysis (NCA) feature selection was used to compare the

features' weight, as combined, and to remove the features with zero or near-zero weight.
However, based on the results provided via Table 4, all the features showed contribution
to the classification. Thus, it was decided to keep all the remaining 17 variables from the
previous steps in the classification modeling. To improve the certainty of NCA
performance, and because of the stochastic manner of NCA, the datasets were partitioned
into five subsets, and the average weight of features on the NCA analysis of the subsets is
reported in Table 4, ranked from high to low. It should be noted that the weights are based
on the combined use of the variables, as NCA does not evaluate features independently,
which is one of the reasons for using this algorithm at this feature selection step. As an

example, on the importance of integrated feature selection, Zhu et al. (2017) reported in
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interaction assessment (bivariate analysis) that distance to the river does not appear to be a
good predictor when it is evaluated alone. Still, it becomes valuable when combined with

distance to the coast.

Table 5-4. NCA feature selection results.

Rank Feature Weight
1 Al 5.702
2 PGV 5.409
3 Magnitude 5.300
4 DL 4.558
5 DC 4.350
6 DWB 3.413
7 Elevation 3.388
8 Vs30 3.273
9 DR 3.254

10 HWB 2.966
11 HAND 2.961
12 Thickness 2.452
13 TRI 2.386
14 WTD 1.761
15 CTI 1.249
16 TPI 0.936
17 WBE 0.713
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5.6.3 Binary Classification Modeling

5.6.3.1 Data-Driven Classification Thresholds
Based on the basic descriptive statistics of the selected features, presented in Table 5, a few

data-driven thresholds were chosen for post-classification optimization of the results. The
selected thresholds are shown in red in the Table 5. These data-driven thresholds, plus the
Mw 5 threshold for liquefaction triggering (10 variables in total), results in pre-defined
non-liquefaction labels for 9418 samples out of 247114 total samples (3.8 % of the
samples). For instance, no liquefaction observation is available in the inventory in any
location with an aridity index of higher than 27659.90. Thus, this value is used as a post-

processing threshold higher than which the tested samples by the proposed model cannot

be labeled as liquefaction.

Table 5-5. Descriptive data statistics of the continuous geospatial variables by class.

Variable Class Min Max Mean Median Mode STD Skew
Lig. 137.22 900.00 232.29 219.32 260.20 78.85 2.93
VsS30
Non-Lig. 98.00 900.00 460.36 434.02 641.30 193.00 | 0.48
Lig. 0.00 3649.99 11.96 3.82 0.00 37.40 | 26.11
Elevation
Non-Lig. 0.00 4130.48 346.85 184.57 0.00 413.91 1.99
Lig. 0.00 50.00 44,71 50.00 50.00 11.49 -2.37
Thickness
Non-Lig. 0.00 50.00 13.52 3.25 1.00 18.06 1.21
Lig. -49.03 44 57 -0.19 -0.08 0.00 1.73 -3.95
TPI
Non-Lig. -91.50 118.75 0.07 -0.12 0.00 11.73 0.40
Liqg. 0.00 322.23 6.57 4.07 0.00 9.82 7.46
TRI
Non-Liq. 0.00 596.15 64.17 40.44 0.00 69.03 1.60
CTI Lig. 505.46 2731.87 1018.14 961.09 928.39 219.13 1.73
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Non-Liq. 386.38 2471.00 829.72 797.58 857.00 211.61 1.16
Lig. 1.01 158.15 45.46 33.79 28.54 28.31 0.96
PGV
Non-Lig. 0.04 166.81 21.64 17.26 20.73 17.97 2.02
Liq. 5.80 9.10 7.66 7.70 7.70 0.96 0.26
Magnitude
Non-Lig. 4.00 9.10 7.40 7.60 7.90 1.02 -0.53
Lig. 0.00 356.15 27.00 12.19 0.00 29.35 1.18
DC
Non-Lig. 0.00 370.99 58.69 28.12 78.00 76.16 1.95
Lig. 0.00 1287.21 25.32 15.18 0.00 26.30 7.04
DR
Non-Lig. 0.00 1301.71 76.89 32.12 0.00 134.18 | 5.54
Liq. 0.00 133.07 10.57 8.70 0.00 8.45 1.19
DL
Non-Lig. 0.00 142.27 18.11 13.53 0.00 16.53 2.51
Lig. 0.00 40.39 4.60 2.56 0.00 4.62 1.27
DWB
Non-Lig. 0.00 109.33 10.03 7.41 0.00 11.37 4.35
Lig. 0.00 1651.00 8.38 0.80 0.00 45.01 | 17.49
WBE
Non-Liq. 0.00 2703.00 196.00 25.00 0.00 317.63 2.52
Lig. -1476.11 | 2342.99 3.73 1.93 0.00 16.98 25.62
HWB
Non-Lig. | -2800.10 | 3212.48 105.10 51.68 0.00 340.80 | -0.87
Lig. 0.00 1810.75 5.85 4.00 4.00 10.75 61.37
HAND
Non-Liq. 0.00 4138.25 108.08 43.75 2.00 161.71 3.10
Liq. 0.00 216.13 1.69 0.63 0.00 4.47 9.23
WTD
Non-Liq. 0.00 488.48 31.35 20.19 0.00 36.89 2.35
Lig. 0.00 27659.90 | 7978.74 6159.70 | 11242.63 | 5595.91 | 0.47
Al
Non-Lig. 0.00 39830.00 | 10264.86 | 10444.00 0.00 6376.04 | 0.42
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5.6.4 Voting Classification System

The voting classification system was developed by training individual classifiers and

aggregating them through hard and soft voting. The individual earthquake events were

tested via the leave-one-out approach. The accuracy results, including overall accuracy,

sensitivity, specificity, and area under the ROC curve (AUC), are provided in Table 6 for

all earthquakes in the inventory, ranked by the validation’s AUC value, except for the non-

liquefaction events which come at the bottom of the table, ranked by their overall accuracy.

The prevalence column in Table 6 shows the percentage of liquefaction points in the

inventory for each event. The accuracy of predictions for the 2003 San Simeon and the

2010 Haiti earthquakes were the best among the earthquakes with liquefaction

observations, followed by the 2010 Tottori. Figure 9 shows the predicted liquefaction maps

for these events.

Table 5-6. Accuracy statistics of the leave-one-out approach. All values are in percentage

(%).
Rank Earthquake Prevalence | Overall Accuracy | Specificity | Sensitivity AUC

1 San Simeon 7.79 96.31 99.11 63.16 98.77

2 Haiti 2.00 83.71 83.38 100.00 97.36

3 Tottori 49.43 91.96 84.63 99.45 96.65

4 Christchurch 95.59 93.22 83.15 93.69 95.99

5 llapel 0.77 98.93 99.23 60.00 95.64

6 Samara 1.48 86.64 86.56 92.31 95.49

7 Loma Prieta 28.16 82.32 75.79 98.99 94.82

8 Cephalonia 5.31 96.46 99.53 41.67 94.68
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9 Nihonkai 79.22 92.40 80.90 95.41 93.86
10 Kobe 76.11 91.36 67.70 98.78 92.40
11 Kocaeli 1.96 95.24 96.17 48.57 92.17
12 Honduras 240 54.90 53.79 100.00 92.14
13 Nisqually 8.45 64.40 61.78 92.86 91.67
14 Hokkaido 29.42 89.41 93.13 80.48 90.96
15 Nepal (Gorkha) 1.91 93.80 94.81 41.67 90.50
16 Muisne 1.10 85.40 85.32 92.31 89.65
17 Nigata 1964 74.61 88.62 68.80 95.36 89.60
18 Miyagi ken 5.93 65.56 63.52 98.08 89.42
19 Darfield 95.45 91.13 67.03 92.28 88.92
20 Tokachi 3.23 69.35 68.62 91.16 88.88
21 Napa 0.72 56.16 55.84 100.00 88.69
22 Tohoku 89.19 90.72 54.91 95.06 86.86
23 Oklahoma 0.74 92.96 93.25 50.00 86.47
24 Kumamoto 26.09 81.18 84.32 72.31 85.89
25 Nigata 2004 80.00 77.66 85.47 75.70 85.35
26 Chiba 47.37 72.47 5491 91.99 84.84
27 Duzce 0.48 92.82 92.95 66.67 84.80
28 Nigata 2007 27.81 66.47 53.55 100.00 83.19
29 Tecoman 1.05 69.44 69.35 77.78 81.84
30 Puget Sound 1949 1.92 92.31 93.03 55.56 81.62
31 Telire Limon 3.00 59.53 58.35 97.67 81.48
32 Pisco 2.50 97.84 99.83 20.00 80.06
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33 Denali 0.83 94.34 95.05 10.00 75.29
34 Achaia 1.06 85.89 86.35 42.86 73.38
35 Meinong 1.99 39.17 37.94 100.00 73.36
36 Emilia 6.74 51.86 48.88 93.10 72.99
37 Baja California 2.52 51.66 50.62 92.00 67.56
38 Puget Sound 1965 3.73 84.14 85.97 37.12 65.18
39 Northridge 2.33 97.67 99.72 11.90 62.42
40 Arequipa 0.74 98.52 99.25 0.00 62.18
41 Maule 0.53 94.21 94.62 16.67 58.58
42 Chi-Chi 2.56 70.27 94.23 0.48 50.00
43 Aquila 1.23 98.77 100.00 0.00 -
44 lquique 1.25 98.75 100.00 0.00 -
45 Wenchuan 1.38 98.48 99.86 0.00 -
46 VanTab 2.84 97.16 100.00 0.00 -
47 Virginia 0.57 99.43 100.00 0.00 -
1 Chino Hills 0.00 100.00 - - -
1 Hector Mine 0.00 100.00 - - -
1 Piedmont 0.00 100.00 - - -
1 Yountville 0.00 100.00 - - -
5 Central Italy 0.00 99.78 - - -
6 lwate 0.00 89.43 - - -

187




Figure 5-9. a) Predicted hazard map of the 2003 San Simeon; b) 2010 Haiti; and c) 2010
Tottori earthquakes. Red is correctly predicted liquefaction. Green is correctly predicted
non-liquefaction. Yellow is wrongly predicted liquefaction. Blue is wrongly predicted
non-liquefaction.

The 2011 Christchurch earthquake has the fourth highest accuracy among the
liquefaction-observed earthquakes in the inventory, while the 2010 Darfield event’s
accuracy is relatively lower (ranked 19th among the liquefaction-observed events). Figure
10 provides the liquefaction maps for these two events (Canterbury 2010-11 events in New
Zealand). The difference in the predicted maps’ accuracy was also observed in the results
of Todorovic and Silva (2022) for their random forest (decision tree-based) model but with
a more significant difference. An interesting observation is that the decision tree classifier
(coastal classifier 1) in this study also under-performed (AUC = 57.40) compared to the
other five classifiers in the voting classification system. The voting system has a higher
accuracy (add accuracy) than all individual 6 classifiers, which demonstrates the integrated
power of the proposed method in providing more accurate predictions. Table 7 shows the
accuracy (AUC = 88.92) of individual classifiers, in addition to the final voting system for

all tested earthquakes.
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Figure 5-10. a) Predicted hazard map of the 2011 Christchurch; and b) 2010 Darfield
earthquakes. Red is correctly predicted liquefaction. Green is correctly predicted non-
liquefaction. Yellow is wrongly predicted liquefaction. Blue is wrongly predicted non-
liquefaction.

According to Table 7, the AUC value for the proposed voting system is higher than
all individual classifiers in 88.4 % of the tested earthquakes for which AUC is calculated.
For the majority of other events, it’s very close to the highest AUC among the classifiers.
This is evidence of the benefit of the proposed method, especially compared to the three
global classifiers, which represent statistically optimal global models. Additionally, the
spatial extent of liquefaction is moderated, even in the cases where the voting system shows
a relatively lower AUC than the highest performing individual classifier. A very important
observation is that not a single global classifier can be considered as best-performing for
all the events. According to the results provided in Table 7, among the 3 global models,
global classifiers 1, 2, and 3, perform the best on 30 %, 35 % and 30 % of the events,

respectively, while they perform equally poor on the remaining 5 % of the events. The
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voting classification system performs better by taking into account the decisions made by

coastal/non-coastal and regional classifiers in addition to the global models.

The 1999 Chi-Chi earthquake was among the six earthquakes which performed
worst in terms of liquefaction detection by global models as well as by the voting system.
The soft voting system is used with a probability threshold of 15 %, to investigate if at least
one classifier among the voting classifiers predicted the liquefaction. Figure 11 shows the
hard voting liquefaction map for the 1999 Chi-Chi event alongside the soft voting
prediction with lower threshold for comparison, which shows a much better performance.
The soft voting approach could be used to map regions with low probability of liquefaction.
In the case of the Chi-Chi earthquake, the non-coastal classifier 2 performs the best. For
the 1999 Chi-Chi event, Zhu et al. (2017) have also reported that many observed
liquefaction points had medium probability, and their model overpredicted for coastal

areas, where very few liquefaction occurrences were observed.
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Figure 5-11. a) Predicted hazard map of the 1999 Chi-Chi earthquake with the voting
classification system using hard voting; and b) using low-probability threshold via soft
voting. Red is correctly predicted liquefaction. Green is correctly predicted non-
liquefaction. Yellow is wrongly predicted liquefaction. Blue is wrongly predicted non-

liquefaction.

Table 5-7. Comparative accuracy of single classifiers versus the proposed system of
voting classifiers. All values are AUC in percentage (%). The events are listed in
alphabetical order.

Earthquake Global | Global | Global | Coastal | Coastal | Regional | Proposed
1 2 3 / Non- |/ Non- Method
Coastal | Coastal
1 2
Achaia 66.37 | 75,51 |68.44 |64.76 51.93 60.23 73.38
Arequipa 50.00 |50.00 |50.00 |53.94 50.00 61.82 62.18
Baja 50.00 |68.93 |50.00 |50.00 59.19 69.34 67.56
California
Cephalonia | 62.27 |70.83 |54.17 |89.80 62.50 86.33 94.68
Chi-Chi 50.00 |50.00 |50.00 |59.18 75.77 50.00 73.95
Chiba 72.86 |65.23 |77.82 |70.06 58.82 69.15 84.84
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Christchurch | 88.57 |83.26 |82.76 |62.77 69.90 89.84 95.99
Darfield 78.80 | 73.72 75.66 | 57.40 71.54 72.97 88.92
Denali 50.00 |50.00 |52.67 |72.35 67.11 51.46 75.29
Duzce 50.00 |70.03 |50.00 |50.00 |75.80 |80.05 84.80
Emilia 55.08 |58.36 | 7275 |49.24 55.94 61.60 72.99
Haiti 89.99 |90.26 |8951 |89.72 93.12 97.82 97.36
Hokkaido 89.20 |85.84 |7286 |67.68 |85.95 |77.21 90.96
Honduras 78.88 |78.98 |86.74 |76.52 76.70 78.50 92.14
Ilapel 50.00 |88.92 |50.00 |79.30 |50.00 |82.53 95.64
Kobe 81.80 |82.68 |88.06 |86.86 80.62 88.59 92.40
Kocaeli 68.40 |84.20 |54.20 |77.71 50.00 85.82 92.17
Kumamoto |83.73 |81.77 |66.06 |7463 |76.02 |79.89 85.89
Loma Prieta |86.59 |87.67 |93.13 |50.00 |8553 |87.89 94.82
Maule 58.12 | 57.18 |54.13 |55.09 54.54 50.00 58.58
Meinong 69.06 |69.15 |67.03 |66.38 66.67 62.25 73.36
Miyagi ken 79.25 |80.10 |84.11 |82.65 76.38 82.89 89.42
Muisne 70.27 82.79 67.74 | 89.11 87.71 53.92 89.65
Napa 78.10 |79.74 |8558 |79.93 74.45 79.93 88.69
Nepal 84.60 |59.74 |50.00 |78.88 |69.29 |50.00 90.50
(Gorkha)

Nigata 1964 |81.85 |82.29 |8182 |82.50 80.53 83.46 89.60
Nigata 2004 |82.28 |80.64 |56.77 |62.49 |80.43 |80.87 85.35
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Nigata 2007 | 76.09 |75.20 |78.31 |76.19 76.52 77.39 83.19

Nihonkai 87.70 |89.32 |70.31 |85.05 87.19 88.25 93.86

Nisqually 7593 | 77.02 |87.09 |88.04 74.16 63.34 91.67

Northridge 50.00 |62.31 |50.00 |54.79 50.00 56.80 62.42

Oklahoma 7155 |59.79 |50.00 |58.58 93.84 50.00 86.47

Pisco 50.00 |79.32 |50.00 |74.53 50.00 59.15 80.06

Puget Sound | 77.85 |74.23 |66.27 |62.51 74.82 73.93 81.62
1949

Puget Sound | 61.61 |60.31 |59.90 |59.82 58.88 64.29 65.18
1965

Samara 88.74 8232 |92.85 |88.97 89.14 92.10 95.49

San Simeon |50.00 |95.11 |55.26 |71.24 73.46 97.33 98.77

Tecoman 74.57 80.60 74.22 63.69 72.79 76.57 81.84

Telire Limon | 77.69 | 76.95 |64.97 |77.31 77.94 60.00 81.48

Tohoku 7296 |67.93 |70.18 |69.59 70.21 76.21 86.86
Tokachi 78.15 | 7721 |8565 |83.21 78.12 83.98 88.88
Tottori 90.67 |90.87 |94.87 |91.99 91.83 94.12 96.65

Wenchuan 50.00 |50.00 |50.00 |52.60 63.79 50.00 65.41

As presented in Table 6, 4 out of the 6 non-liquefaction events resulted in 100%
accurate predictions, followed by a negligible error of 0.22 % for the 2016 Central Italy
event. However, the 2008 Iwate earthquake is predicted to have extensive liquefaction
(10.57 % of tested samples). Rashidian and Baise (2020) have also reported that the

performance for the 6.9 Mw Iwate earthquake in Japan was inconsistent with no
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liquefaction observation (although lateral spreads were observed). Figure 12 shows

predicted maps of the two non-liquefaction earthquakes with predicted liquefaction.

(a)
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Figure 5-12. a) Predicted hazard map of the 2016 Central Italy; and b) 2008 Iwate
earthquakes. Green is indicator of correctly predicted non-liquefaction. Yellow is
indicator of wrongly predicted liquefaction.

The 2015 Nepal (Gorkha) Earthquake has been discussed in several studies of
geospatial liquefaction modeling (Rashidian and Baise, 2020; Moss et al., 2015; Todorivic
and Silva 2022). Rashidian and Baise (2020) noticed over-prediction of liquefaction due to
the existence of a large flat area with low Vs30 values. Todorovic and Silva (2022) also
observed lower accuracy of their model for the M 7.5 Gorkha earthquake and attributed the
misfit to seasonal variations in the groundwater table or underestimation/overestimation of
soil stiffness (like Moss et al. (2017) and Pokhrel et al. (2022)). They suggested the
implementation of a seasonal element to inform the model about variation in depth through
time (Todorovic and Silva, 2022). Moss et al. (2015) also studied the discrepancy between

some model predictions and field observations of liquefaction by the GEER reconnaissance
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teams (Hashash et al., 2015; Moss et al., 2015), which resulted in extensive ground failures
of different types (landslides, rockfalls, liquefaction, etc.). Liquefaction spatial extent in
the Kathmandu Valley (an ancient lakebed now dominated by river systems) was limited,
while model predictions (UNDP, 1994; JICA, 2002; Piya, 2004), and historical data from
the region reported higher liquefaction impacts. Their study found that pumping has
depressed the groundwater table significantly in the last few decades. Additionally, high
near-surface shear wave velocity was the other reason for over-prediction of liquefaction,
since the Vs30 values were higher than average liquefaction sites around the world (Moss

etal., 2015).

Figure 13 shows the map of liquefaction for the Nepal event by the voting system
method proposed in this study, with overall accuracy of 94.81 % and 41.67 % liquefaction
detection. An interesting observation after performing a feature importance analysis for
this event, by removing one feature at a time, showed that there is a single critical feature
which helps detecting liquefaction hazard areas on this event, which is the elevation of the
nearest waterbody (WBE). Removal of this feature from the feature set, resulted in zero
sensitivity (liquefaction record detection), compared to the 41.67 % when the feature is
used (Table 6). It should be noted that WBE has the lowest weight among the features used,
as shown via Table 4, and this result highlights the importance of using all relevant features

in the liquefaction models.
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Figure 5-13. Predicted hazard map of the 2015 Nepal (Gorkha) earthquake with the

85°40'E

voting classification system. Red is correctly predicted liquefaction. Green is correctly
predicted non-liquefaction. Yellow is wrongly predicted liquefaction. Blue is wrongly

predicted non-liquefaction.

The 9.1 Mw Tohoku earthquake in Japan is the largest-magnitude earthquake tested

in this study, leading to moderately good accuracy (AUC = 86.86 %) with high liquefaction

detection (95.06 % sensitivity), according to Table 6. Some over-prediction of liquefaction

is observed for this event, but mostly in the areas where liquefaction has occurred in the

vicinity. Zhu et al. (2017) also reported that for earthquakes with very large magnitudes,

such as the 2011 Tohoku earthquake, their model predicts larger areas of high liquefaction

probabilities than the area where liquefaction was observed. Figure 14 shows the visualized

prediction map of the Tohoku event, in addition to another five major events in Japan,

including the 1995 Kobe and the 1983 Nihonkai earthquakes in Japan, as a few examples

significantly impacted by liquefaction.
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(a)

Figure 5-14. a) Predicted hazard map of the 2011 Tohoku; b) 1995 Kobe; and c) 1983
Nihonkai earthquakes. Red is correctly predicted liquefaction. Green is correctly
predicted non-liquefaction. Yellow is wrongly predicted liquefaction. Blue is wrongly
predicted non-liquefaction.

Figure 15 plots the resulting maps of the 6 classifiers (3 global, 2 coastal, and 1
regional), and the final map of the 1989 Loma Prieta earthquake in Northern California,
derived by the voting system. It is observed that the final model provides the best AUC
value compared to all 6 individual classifiers. In addition, it is among the best in terms of
detecting liquefaction points. The voting system’s prediction (Figure 15-g) has also

balanced the over-prediction (Figures 15-a, 15-b, 15-e, and 15-f) and under-prediction

(Figures 15-c and 15-d) of the individual models.
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Figure 5-15. Predicted hazard map of the 1989 Loma Prieta earthquake by: a) Global
classifier 1; b) Global classifier 2; c) Global classifier 3; d) Coastal classifier 1; ) Coastal
classifier 2; f) Regional classifier; and g) System of voting classifiers. Red is correctly
predicted liquefaction. Green is correctly predicted non-liquefaction. Yellow is wrongly
predicted liquefaction. Blue is wrongly predicted non-liquefaction.
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The three earthquakes which have occurred in Nigata, Japan in 1964 (7.6 M), 2004
(6.6 M), and 2007 (6.6 M), were analyzed as a part of the model validation. Based on the
field reconnaissance reports, the 7.6 M Nigata 1964 earthquake event has resulted in more
extensive and widespread liquefaction. The difference between this event and the other two
is only in the earthquake shaking parameters’ values (magnitude and PGV) since the values
for the other geospatial variables are the same. Figure 16 provides the model predictions
for these three events, which shows that for the 1964 event, the detection of hazardous
areas in the coastal area is very high, although the model could just partially recognize the
farther part from the coast as liquefaction-prone (Figure 16-a). Among the three events, the

1964 event showed the highest accuracy (AUC = 89.60 %).
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Figure 5-16. Predicted hazard map of the three earthquakes which have occurred in
Nigata, Japan, in: a) 1964; b) 2004; and c) 2007. Red is correctly predicted liquefaction.
Green is correctly predicted non-liquefaction. Yellow is wrongly predicted liquefaction.
Blue is wrongly predicted non-liquefaction.

There are a few cases where the performance of an individual classifier might be
best (better than the voting system’s prediction). However, that does not happen
consistently for a specific classifier through all such events, and for any specific event,

either of the classifiers might be the best. For instance, as shown via Figure 17, the
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prediction by the global classifier 2 is considerably better than all other 5 classifiers,
leading to comparatively lower accuracy of the voting system, which appears to under-
predict liquefaction in the Granada Hills area on the north of the San Fernando Valley
where many ground failures were observed, matching the low probabilities predicted by
Zhu et al. (2017) model, because of the relatively deep water-table depth (>10 m). The
observed ground failures in the area might be a result of dynamic ground compaction of
loose unsaturated surface material, not liquefaction (Stewart et al., 1994). Although, Zhu
et al. (2017) have reported over-prediction in the southern part, while that is not the case
here with the voting system, whereas the global classifier 2 over-predicts the same area

reported by them (Figure 17).
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Figure 5-17. Predicted hazard map of the 1994 Northridge earthquake by: a) System of
voting classifiers; and b) Global classifier 2. Red is correctly predicted liquefaction.
Green is correctly predicted non-liquefaction. Yellow is wrongly predicted liquefaction.
Blue is wrongly predicted non-liquefaction.
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The calculated average AUC value of the non-coastal models provided in Table 7
is 64.91 %, whereas the average AUC for the coastal models is 73.10 %. The accuracy of
the coastal model should be considered more important since most tectonically active
regions are near coastlines. Since the proposed model is built via a relatively low-spatial-
resolution database, the model may fail to capture more localized, small-scale features of
liquefaction. The problem is also present in other geospatial models developed before
(Rashidian and Baise, 2020; Geyin et al., 2022). The spatial resolution of the global
model output proposed in this study, like other related studies, is relatively low
considering the extremely local nature of the earthquake-induced soil liquefaction

manifestations.

There is also some uncertainty regarding the regional performance of such models
in under-represented regions worldwide since the database does not have a balanced global
coverage. It should also be noted that the investigation accuracy, the covered area of
investigation, and the datasets from which the values for explanatory variables were
extracted should not be considered perfect. Inherently, the accuracy of liquefaction
predictions is sensitive to the accuracy of model inputs, although this study did not consider

uncertainties associated with measurements and input parameters’ modeling.

For further visual investigation of the model performance, Figure 18 provides the
visualizations of liquefaction hazard maps for an additional 6 earthquake inventories tested

using the proposed method.
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Figure 18. Predicted hazard maps of: a) 1949 Puget Sound; b) 2014 Cephalonia; c) 2015
Illapel; d) 2015 Piedmont; e) 2016 Muisne; f) 1999 Duzce; g) 2010 Baja California; h)
1993 Hokkaido; and i) 2003 Tecoman earthquakes. Red is correctly predicted liquefaction.
Green is correctly predicted non-liquefaction. Yellow is wrongly predicted liquefaction.
Blue is wrongly predicted non-liquefaction.
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5.6.4.1 Comparative Analysis
Finally, it should be noted that the leave-one-out testing approach, results in lower

accuracies but less bias than (Zhu et al., 2017; Baise et al., 2021) when the data of all
earthquakes are partitioned into training and testing via hold-out partitioning (Todorovic
and Silva, 2022) due to overfitting. To provide a fair comparative analysis, a hold-out
partitioning approach is also used, and the accuracy (AUC) is compared with the USGS
preferred model (Zhu et al., 2017) via Table 8. As shown in the table, for all the earthquake
events reported in Zhu et al. (2017) study, the accuracy of the proposed method in this
study, with hold-out partitioning testing approach, is significantly higher. However, with
the leave-one-out testing, the AUC of one event (Chi-Chi earthquake) is lower than the
AUC reported by Zhu et al. (2017), and for the other events, the values are moderated and
look more realistic. The results of the proposed method even using the leave-one-out
approach significantly outperform the Zhu et al. (2017) model, with 80 % of the
earthquakes in Table 8 having AUC of higher than 0.8, compared to only 20 % reported by
Zhuetal. (2017). This study highly recommends that geospatial liquefaction models should
be developed based on the leave-one-out accuracy assessments, not data partitioning. The
observations of this study, especially for events such as the 2015 Nepal and 1999 Chi-Chi
earthquakes, indicate that validation strategies in previous research studies can be subject
to uncertainties and bias, and the applicability of such models for new events should be re-

evaluated and further investigated.
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Table 5-8. Comparative accuracy statistics. All values are AUC. The AUC values for the
Zhu et al. (2017) study are presented as reported in their original paper, although the
datasets are not completely similar.

Earthquake Zhu et al. (2017) | Zhu et al. (2017) | Proposed Method | Proposed Method
Model 1 Model 2
(Hold-Out (Leave-One-Out
(Coastal) (Non-Coastal) Partitioning) Testing)

Loma Prieta 0.886 0.848 0.985 0.948
Kobe 0.862 0.821 0.971 0.942
Tottori 0.806 0.775 0.982 0.967
Christchurch 0.801 0.770 0.977 0.960
Miyagi ken 0.791 0.801 0.944 0.894
San Simeon 0.757 0.775 0.996 0.988
Darfield 0.725 0.692 0.942 0.889
Nisqually 0.703 0.751 0.947 0.917
Nigata 2004 0.678 0.700 0.964 0.854
Tohoku 0.677 0.656 0.904 0.867
Hokkaido 0.673 0.720 0.973 0.910
Nigata 1964 0.667 0.628 0.932 0.896
Nihonkai 0.643 0.649 0.964 0.939
Chiba 0.608 0.657 0.901 0.848
Chi-Chi 0.603 0.660 0.950 0.500
Puget  Sound | 0.601 0.610 0.950 0.816
1949

Tokachi 0.561 0.571 0.943 0.889
Puget Sound | 0.558 0.548 0.886 0.652
1965

Northridge 0.535 0.547 0.932 0.624
Wenchuan 0.527 0.551 0.929 0.654
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5.7 Conclusions and Future Works

This study aimed at developing a ML geospatial liquefaction model. Such
geospatial liquefaction models are very useful for global implementation, especially when
local geotechnical data and surficial geologic maps are not available. Effort was spent to
balance the dataset for liquefaction model development in a manner to exploit the data as
much as possible. The class and event imbalance issue are treated in an innovative manner
by under-sampling large events and distributing the datasets over several balanced subsets.
Instead of training a single classifier, a system of voting machine learning classifiers is
designed to achieve higher accuracy and certainty, using different classification techniques
to balance the performance, as not a single classification technique can be considered the

best for all earthquake events.

The results showed superior performance compared to previously published
logistic regression-based liquefaction probability models. The use of several relevant
features in this study, through advanced machine learning algorithms was found to be
helpful in detecting liquefaction-prone regions. The leave-one-out testing approach based
on the total exclusion of individual earthquake events from the training data, revealed the
uncertainties associated with accuracy assessments reported in the literature for
liquefaction susceptibility models. This study highly recommends that geospatial
liquefaction models should be developed based on the leave-one-out accuracy assessments,

not data partitioning.
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An issue with any advanced machine learning paradigm is the lack of a defined
analytical expression that can be provided for further use. Simple interpretations of model
structure are also generally impossible. However, trained Al-based models should be
delivered as codes or software, in a manner that is accessible to a broad community of users

and researchers for further implementation of the proposed scheme.

Several organizations would benefit from the outcomes of this study, such as civil
protection organizations, insurance companies, extreme events first responders, post-event
reconnaissance teams, urban planners, and infrastructure constructors. The accuracy of the
global geospatial models at the local scale is not very high, but the availability of large-
scale susceptibility maps of liquefaction hazard can assist policymakers and infrastructure
administrators in prioritizing territories where should be investigated further to assess the
seismic risk of structures and infrastructures associated with the occurrence of earthquake-

induced soil liquefaction.
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5.9 Data and Codes Availability

The MATLAB codes and the inventory database of earthquake-induced soil liquefaction
samples alongside the data of geospatial parameters, leading to the results published in this

study are provided at the GitHub repository of the first author at https://github.com/adel-
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asadi/Global_Geospatial _Liguefaction_Model. Since all these geospatial layers are freely

available for download from their referenced sources in Table A-2, every researcher can

use the data and the proposed approach to reproduce the presented liquefaction hazard

maps, or to generate liquefaction hazard maps for other/future events.

5.10 Appendix

Table 5-9. Information on the earthquake events considered in this study.

No. | Earthquake | M/D/Y Mw | Coastal | Lig. | Region | Reference

1 Achaia 06/08/2008 | 6.5 1 1 Europe Pavlides (2013)

2 Aquila 04/06/2009 | 6.3 0 1 Europe Monaco (2011)

3 Arequipa 06/23/2001 | 8.4 1 1 South Gomez et al. (2005)
America

4 Baja California | 04/04/2010 | 7.2 0 1 North Stewart and
America | Brandenberg

(2010)

5 Cephalonia 01/26/2014 | 6.1 1 1 Europe Papathanassiou (2016)

6 Chi-Chi 09/21/1999 | 7.7 1 1 Asia & | Yuan et al. (2004)
Oceania

7 Chiba 12/17/1987 | 6.7 1 1 Japan Wakamatsu (2011)

8 Christchurch 02/22/2011 | 6.1 1 1 Asia & | Cubrinovski et al.
Oceania | (2011)

9 Darfield 09/04/2010 | 7.0 1 1 Asia & | Cubrinovski et al.
Oceania | (2010)

10 Denali 11/03/2002 | 7.9 0 1 North Kayen et al. (2004)
America

11 Duzce 11/12/1999 | 7.2 0 1 Europe Sucuoglu (2000)

12 Emilia 05/20/2012 | 6.0 0 1 Europe Papathanassiou (2012)
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13 Haiti 01/12/2010 | 7.0 1 Central Olson et al. (2011)
America

14 Hokkaido 07/12/1993 | 7.7 1 Japan Miura et al. (1995)

15 Honduras 05/28/2009 | 7.3 1 Central Luna (2010)
America

16 Iapel 09/16/2015 | 8.3 1 South Candia et al. (2015)
America

17 Iquique 04/01/2011 | 8.2 1 South Rollins et al. (2014)
America

18 Kobe 01/17/1995 | 6.9 1 Japan Hamada et al. (1996)

19 Kocaeli 08/17/1999 | 7.6 1 Europe Rathje et al. (2004)

20 Kumamoto 04/14/2016 | 6.2 1 Japan Mukunoki et al. (2016)

21 Loma Prieta 10/17/1989 | 6.9 1 North Holzer (1998)
America

22 Maule 02/27/2010 | 8.8 1 South Verdugo (2011)
America

23 Meinong 02/06/2016 | 6.3 1 Asia & | Sunetal. (2016)
Oceania

24 Miyagi ken 06/12/1978 | 7.7 1 Japan Tohno and Yasuda

(1981)

25 Muisne 04/16/2016 | 7.8 1 South Nikolau et al. (2016)
America

26 Napa 08/24/2014 | 6.0 1 North Bray et al. (2014)
America

27 Nepal (Gorkha) | 04/25/2015 | 7.8 0 Asia & | Hashash (2015)
Oceania

28 Nigata 1964 06/16/1964 | 7.6 1 Japan Ishihara and Koga

(1981)
29 Nigata 2004 10/23/2004 | 6.6 1 Japan Rathji et al. (2006)
30 Nigata 2007 07/16/2007 | 6.6 1 Japan Kayen et al. (2007)
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31 Nihonkai 05/26/1983 | 7.7 1 Japan Tohno and Shmoto
(1985)
32 Nisqually 02/28/2001 | 6.8 1 North Bray et al. (2001)
America
33 Northridge 01/17/1994 | 6.7 0 North Stewart et al. (1994)
America
34 | Oklahoma 09/03/2016 | 5.8 0 North Clayton et al. (2016)
America
35 Pisco 08/15/2007 | 7.9 1 South Taucer et al. (2009)
America
36 Puget Sound | 04/29/1965 | 6.7 1 North Chleborad and
1965 America | Schuster (1990)
37 Puget  Sound | 04/13/1949 | 7.1 1 North Chleboard and
1949 America | Schuster
(1990)
38 | Samara 09/05/2012 | 7.6 1 Central Rollins et al. (2013)
America
39 San Simeon 12/22/2003 | 6.5 1 North Holzer et al. (2005)
America
40 Tecoman 01/22/2003 | 7.5 0 North Wartman et al. (2005)
America
41 Telire Limon 04/22/1991 | 7.6 0 Central Yasuda et al. (1993)
America
42 Tohoku 03/11/2011 | 9.1 1 Japan Bhattacharya et al.
(2011)
& Goto et al. (2012)
43 Tokachi 09/26/2003 | 8.3 1 Japan Wakamatsu (2011)
44 | Tottori 10/6/2000 6.7 1 Japan Kiyono et al. (2007)
45 VanTab 10/23/2011 | 7.1 0 Europe Erdik (2012)
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46 Virginia 08/23/2011 | 5.8 0 1 North Carter and Maurer
America | (2011)

47 Wenchuan 05/12/2008 | 6.3 0 1 Asia & | Huang and Jiang
Oceania | (2010)

48 Central Italy 08/24/2016 | 6.2 0 0 Europe Zimmaro and Stewart

(2016)

49 Chino Hills 07/29/2008 | 5.4 1 0 North Hauksson et al. (2008)
America

50 Hector Mine 10/16/1999 | 7.1 0 0 North USGS (2000)
America

51 Iwate 06/14/2008 | 6.9 0 0 Japan Kayen et al. (2008)

52 Piedmont 08/17/2015 | 4.0 1 0 North USGS (2015)
America

53 Yountville 09/03/2000 | 4.9 1 0 North Miranda et al. (2014)
America

Table 5-10. Complementary information about the geospatial variables used in this study.

Geospatia
| Variable

Definition / Information / Source / Reference

Vs3o

The weighted-mean shear-wave velocity in the top 30 m (Vsso), which was
adopted as a proxy of soil stiffness since soft sandy soils are more
susceptible to liquefaction (they are looser). The US Geological Survey
provided the global topographic slope-based Vszo map.

US Geological Survey Vsszo map: https://earthquake.usgs.gov/data/vs30/.

The global Vs30 layer has been estimated according to the method described
in Wald and Allen (2007), which is based on elevation-derived slope. The
Vs3o layer used in the development of GGLM15 (Zhu et al., 2015) was based
on GTOPO30. In GGLML17 (Zhu et al., 2017), Vs3o was updated by deriving
it from the GMTED, a global DEM with enhanced quality. The GTOPO30
was initially developed in 1996 by the USGS, and the GMTED10 was
recently developed by the USGS and NGA (National Geospatial
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Intelligence Agency) collaboratively to replace GTOPO30 as the elevation
dataset for global application (Danielson and Gesch 2010).

Roughnes
S

Roughness is the largest intercell difference between a central pixel and its
eight surrounding cells.

CTI

As a proxy for soil saturation, the compound topographic index (CTI) is a
measure of the relative propensity for the soil to become saturated to the
surface. The compound topographic index (CTI) layer was downloaded
from the USGS Hydrologic Derivatives for Modeling and Analysis
(HDMA), which has a resolution of 3 arc-seconds in most regions.

PGA

The ShakeMap provides PGA and PGV estimates for each event. ESRI
Raster Files were downloaded from the USGS ShakeMap version 4, with
resolutions of 30 arc-seconds.

PGV

The ShakeMap provides PGA and PGV estimates for each event. ESRI
Raster Files were downloaded from the USGS ShakeMap version 4, with
resolutions of 30 arc-seconds.

Al

The aridity index (Al) is derived from the Consultative Group on
International Agriculture Research-Consortium for Spatial Information
(CGIAR-CSI) Global Aridity dataset (Global Aridity and PET dataset:
http://www.cgiar-csi.org/data/global-aridity-andpet-database).

Elevation

GMTED10 is used as the DEM. The Digital Elevation Model (DEM) for
the globe has been accessed through Global Multi-resolution Terrain
Elevation Data (Danielson and Gesch, 2010). The Digital Elevation Model
(DEM) for the globe (Elevation) was downloaded through Global Multi-
resolution Terrain Elevation Data (2010), at a resolution of 7.5 arc-seconds.

DR

The distance to river (and lake) layer has been computed globally by using
the hydrological data from SHuttle Elevation Derivatives at multiple Scale
(Hydro-SHEDS) which is based on topography (Lehner et al. 2008). The
development of this database includes a sequence of extensive hydrologic
conditioning procedures to incorporate the locations of known rivers and
lakes. The river network provided in this database is in vector format.
Because distance computation using vector data at a global scale is
inefficient, we derived a raster river network using the same threshold (100
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upstream cells) and perform a raster distance calculation. Distance is in
number of pixels and is a Cartesian distance.

For the 2010 Haiti earthquake only, a local dataset was used to calculate the
distance to river:
https://haiti.caribbeangeoportal.com/datasets/caribgeoportal::haiti-
rivers/about.

DC

The distance to coast layer has been computed from a global dataset by
National Aeronautics and Space Administration (NASA)’s Ocean Color
Group. This data set was generated with the Generic Mapping Tools (GMT)
software using its intermediate-resolution coastline. It was first computed at
a spatial resolution of 0.04 degrees and then interpolated to 0.01 degrees. In
the original dataset, negative distances represent locations over land
(including land-locked bodies of water), while positive distances represent
the ocean. For our application, we further process the data so that locations
on land have positive distances and on ocean have zero distance.

WTD

Simulated water table depth is from a global dataset by Fan et al (2013). The
authors simulate groundwater flow at 30 arc-seconds spacing using a model
constrained by climate, terrain and sea level. Hydraulic conductivity of soil
Is estimated from a soil map and assuming a steady decay over depth. They
digitized over 1.5 million published records of water table depths. The
results have been adjusted using actual water-table depths as a means of
calibration across climate zones on all inhabited continents. This model
predicts natural patterns of water table depth and so does not account for
any pumping or irrigation carried out by humans. The data is at a spatial
resolution of 30 arc-seconds.

DWB

The distance to the nearest water body layer is defined as the minimum of
distance to coast and distance to river and lake layers.

Precipitation

The global precipitation layer has been created by bilinearly interpolating
more than 40000 stations across the world averaging over 1959-2000 from
WorldClim database (https://www.worldclim.org/). Hijmans et al. (2005)
interpolated average monthly precipitation from weather stations across the
world (47,554 locations) on a 30 arc-second resolution grid and averaged
over the 1959- 2000 time periods Getting the average value for decades of
precipitation will give a better pattern of precipitation in a specific region.
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Landform

The global ALOS Landforms dataset provides landform classes created by
combining the Continuous Heat-Insolation Load Index (ALOS CHILI) and
the multi-scale Topographic Position Index (ALOS mTPI) datasets. It is
based on the 30m "AVE" band of JAXA's ALOS DEM (available in EE as
JAXA/ALOS/AW3D30_V1_1). The Conservation Science Partners (CSP)
Ecologically Relevant Geomorphology (ERGo) Datasets, Landforms and
Physiography contain detailed, multi-scale data on landforms and
physiographic (aka land facet) patterns (Theobald et al., 2015). Data
downloaded from: https://developers.google.com/earth-
engine/datasets/catalog/CSP_ERGo_1 0 Global_ALOS_landforms#descr

iption.

HAND

Global 30m Height Above the Nearest Drainage (HAND) dataset with 30
m cell resolution and 1000 number of river head threshold cells is used as a
variable (Donchyts et al., 2016). HAND is a digital elevation model
normalized using the nearest drainage is used for hydrological and more
general-purpose applications, such as hazard mapping, landform
classification, and remote sensing. Downloaded from:
https://gena.users.earthengine.app/view/global-hand.

DR2

Free-Flowing Rivers (FFRs) data is used to calculate distance to rivers (Grill
et al., 2019). Only rivers with high levels of connectivity (CSI > 95%)
throughout their entire length are considered FFRs by Grill et al. (2019).
Four dimensions (connectivity dimensions) are considered to determine the
CSI of river reaches: (1) longitudinal (connectivity between up- and
downstream), (2) lateral (connectivity to floodplain and riparian areas), (3)
vertical (connectivity to groundwater and atmosphere) and (4) temporal
(connectivity based on seasonality of flows).

Soil
Thickness

For the model development, Pelletier et al. (2016) explicitly mapped
global landform types and then estimated the thicknesses of sedimentary
deposit using models optimized for each landform type and the best
available data for topography, climate, and geology as input. The
sedimentary deposit thickness is within the range of 0-50 m, and areas
with predicted sedimentary thickness greater than 50 m are assigned a
value of 50 m. The dataset is archived at the Oak Ridge National
Laboratory (ORNL) Distributed Active Archive Center (DAAC)
accessible at:
https://daac.ornl.gov/SOILS/guides/Global_Soil_Regolith_Sediment.html.
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Slope

Data was derived from the DEM using the gdaldem command in the
Geospatial Data Abstraction Library in 7.5 arc-second resolutions.

Aspect

Derived from DEM layer using GIS tools.

Landcover

The landform type (uplands/lowlands) and sedimentary thickness data are
from a high-resolution gridded global data set developed by a
multidisciplinary team at the University of Arizona (Pelletier et al., 2016).
The data set is developed for regional and global land surface modeling and
has a spatial resolution of 30 arcsec (~1 km). For the model development,
Pelletier et al. (2016) explicitly mapped global landform types and then
estimated the thicknesses of sedimentary deposit using models optimized
for each landform type and the best available data for topography, climate,
and geology as input. The sedimentary deposit thickness is within the range
of 0-50 m, and areas with predicted sedimentary thickness greater than 50
m are assigned a value of 50 m. The dataset is archived at the Oak Ridge
National Laboratory (ORNL) Distributed Active Archive Center (DAAC)
accessible at:
https://daac.ornl.gov/SOILS/quides/Global_Soil_Regolith_Sediment.html.

TPI

TPI is the difference between a central pixel and the mean of its eight
surrounding cells. Data was derived from the DEM using the gdaldem
command in the Geospatial Data Abstraction Library in 7.5 arc-second
resolutions.

TRI

TRI is a proxy used to differentiate soil and rock layers and was calculated
as the square root of the elevation differences between the central cell and
the neighboring eight cells (Wilson et al., 2007). Data was derived from the
DEM using the gdaldem command in the Geospatial Data Abstraction
Library in 7.5 arc-second resolutions.

Magnitude

Historical USGS reports and records in the literature (Table A-1)

WBE

Elevation of the nearest waterbody.

DwWB2

Distance to the closest waterbody.

DL

The distance to lake layer has been computed from a global dataset by
National Aeronautics and Space Administration (NASA)’s Ocean Color
Group. This data set was generated with the Generic Mapping Tools (GMT)
software using its intermediate-resolution coastline. It was first computed at
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a spatial resolution of 0.04 degrees and then interpolated to 0.01 degrees. In
the original dataset, negative distances represent locations over land
(including land-locked bodies of water), while positive distances represent
the ocean. For our application, we further process the data so that locations
on land have positive distances and on ocean have zero distance.
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6 Slope Stability and Monitoring in Open Pit Mining
Industry

Because of factors such as geology, weather, seismic activity, and mining techniques,
open-pit mining operations are at danger of slope stability. Stability issues necessitate a
quick response to keep mining operations running, prevent further damage, and keep
employees safe. In this section, geomechanically crucial considerations in pit design are

introduced, and slope monitoring techniques used to predict slope failure are presented.

6.1 Pit Slope Stability

Unexpected rock movement, whether beneath or on the surface, can cause casualties and
potentially end in a mine disaster. Slope failure can have disastrous implications even in
comparatively shallow strip mines and quarries. Open-pit mines are deeper than ever
before, and because assessing rock mass strength at such huge scales is difficult, major
slope failure can occur with little warning. Slope instability is one of the major concerns in
open pit mining. A significant collapse of the pit wall can result in injuries or fatalities,

damage to mining equipment, interruptions to production, and potential loss of reserves.

6.1.1 Geomechanics in Pit Slope Design
The selection of optimal slope of an open pit mine is crucially influenced by the slope

geometry, quality of rock mass and presence of geological features and their properties.
(Abdellah et al., 2022). It is required to determine the factor of safety associated with the
rock slope and its possible failure pattern. The slope angle influences the stripping ratio
(the ratio of tonnage or volume of overburden to be removed to tonnage or volume of ore
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to be extracted) and, as a result, mining profitability (Bye and Bell, 2001). Reduced
stripping ratio (i.e., less waste rock to be removed) necessitates keeping the total slope
angle as steep as possible (i.e., increased ore recovery). To do this, successful pit planning
is required, which necessitates precise information regarding geology and site
characteristics (e.g., slope geometry, rock qualities, groundwater conditions, and
associated discontinuities). The final design of the best slope angle is influenced not only
by ore grade distribution and operational cost, but also by the overall attributes of the rock
mass. As a result, it is advised that the possibility of failure be factored into the final open

pit design (Abdellah et al., 2022).

There are numerous ways for assessing the stability of rock slopes, each with
advantages and disadvantages. Limit equilibrium techniques (LEMS); analytical and finite-
element methods; finite differences and discrete element methods are examples of these
methods. LEMs (for example, the method of slices) are typical methods of analysis in
which the factor of safety is calculated by dividing the soil/rock mass above the
hypothetical failure surface into multiple vertical slices. The factor of safety (FOS) is
defined as the ratio of soil/rock shear strength at the failure to the mobilized shear stress on

the surface of failure (Abdellah et al., 2022).
6.1.2 Predicting Time to Failure

Inverse Velocity method is often used to predict the time of failure. Generally, a trend line
is fitted to the inverse velocity (1/V) derived from monitoring systems which record the
slope movements, and when the velocity approached infinity (1/V approaches to zero), the
failure is highly expected. Fukuzono (1985) found that the time to accelerating creep failure
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under gravity loading was inversely proportional to the deformation rate (velocity). By
plotting the inverse-velocity versus time curve, one can estimate the time of failure by
extrapolating the curve to the x-axis (inverse-velocity = 0). Extrapolating inverse-velocity
to the x-axis is much easier than extrapolating a hyperbolic curve to a vertical asymptote

when using the deformation rate.

6.1.3 Hydrology and Dewatering

The existence of groundwater reduces the shear strength of the materials which causes a
decrease in the stability of pit slopes. Groundwater modeling is used to predict groundwater
level on the pit slope which helps in determining the slope stability. Dewatering efforts in
mines to reduce the slope failure risk include horizontal drilling on the face of the high
walls to target areas of saturation, especially when seepages are observed. Vertical water
well drilling is also done to dewater the pit, which has relatively higher costs, but can pump
more water out of the pit, if the well is drilled in a well-studied spot with optimal depth.
Instabilities of an open pit slope can be caused by the increasing of slope load and the
changing of pore pressure due to groundwater level, and slopes can fail after seepage

increases the pore pressures.

The effect of groundwater on slope stability is assumed to be harmful, via
diminishing rock or soil strength, changing mineral components in the rock through
chemical reactions or dissolving, changing rock or soil density, and producing erosion
(Lee, 2002). The greater the rise in groundwater level, the greater the rise in pore water
pressure. This entails lowering the slope mass's shear resistance, particularly in soil

material (Ariana, 2014). The groundwater level affects slope stability by both decreasing
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the strength of the slope and increasing the load on the slope (Johansson and Edeskar,
2014). Data and warnings from weather stations are also very important in mining
operations, including monthly/yearly rainfall historical records, daily/weekly weather

forecasts.

6.1.4 Geology and Faults

Geological structures determine the slope failure mechanism associated with rock mass
and its pattern, e.g., planar, wedge, toppling and/or circular failure (Abdellah et al., 2022).
The geology of the area can play a crucial role in the stability of the slope. The type and
properties of the rock formation can affect the stability of the slope, and some formations
are more prone to instability than others. For example, sedimentary rocks such as shale and
sandstone tend to be less stable than igneous and metamorphic rocks due to their weak

structure and low resistance to weathering.

In addition to the geology, the fault network can also play a significant role in slope
stability. Faults are zones of weakness in the rock mass where movement can occur, leading
to rock deformation and instability. Faults can act as channels for water to flow through,
which can cause erosion and weaken the slope. Faults can also increase the likelihood of
rock falls and landslides, as they can create zones of weakness where rocks are more likely
to detach and slide down the slope. To mitigate the risk of slope instability, mining
engineers use a range of techniques, including slope reinforcement and monitoring.
Reinforcement techniques can include the use of rock bolts, mesh, and shotcrete to provide
additional support to the slope. Slope monitoring techniques can include the use of
geotechnical instruments such as inclinometers, piezometers, and crack gauges to detect
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any movement or deformation in the slope. By monitoring the slope, engineers can identify
any potential instability issues and take proactive measures to address them before they

become a safety hazard.
6.1.5 Micro-Seismic Blast Vibrations

Micro-seismic data that has been properly analyzed can be used to supplement surface
monitoring systems in identifying possible instability and the subsequent collapse. Micro-
seismic monitoring techniques have been identified as an effective tool for mapping the
evolution of rock fracture networks for slope stability assessment (Hardy and Kimble,
1994; Lynch and Malovichko, 2006). Many seismic events related with slope changes are
weak, and they rarely trigger a micro-seismic monitoring system that is set up to record an
event in a trigger mode. The results of a research study demonstrated that weak seismic
events are just as significant as strong seismic events for assessing slope stability, and they

should not be overlooked in open pit mining micro-seismic monitoring (Luo et al., 2018).
6.2 Pit Slope Monitoring

Slope stability monitoring is regarded as one of the most important aspects of safety in
open-pit mines, owing to the substantial danger of slope displacement caused by mining
operations. Slope monitoring is an essential component of slope management in open pit
mines. It provides information for recognizing potentially unstable ground, analyzing slope
design performance, which includes identifying any slope instability and/or failure causes
that arise. The probability of slope displacement and its effects can be significantly

decreased if the failure mechanisms are understood, and the slopes are adequately
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monitored. This enables optimal mining conditions that are both safe for people and
operating equipment. Slope monitoring efforts include: 1) Detection of movement; 2)
Displacement measurement; and 3) displacement trend determination (uniform,

decelerating or accelerating).
6.2.1 Visual Inspections

The most simple and basic method of slope monitoring is visual observation through field
inspections and camera systems implemented in open pits. In such inspections, crack
monitoring plays an important role. Small cracks on top of the pit or individual benches
are early warning signs of instability. Because this displacement cannot be seen from the
pit floor, it is critical to monitor the crests of highwalls above active work locations on a
regular basis. At all times, safe access to the areas directly above the active mining should
be maintained. During periods of heavy precipitation or spring run-off, as well as after

large blasts, frequent inspections may be required.

The other important aspect of field observations includes hanging rocks/boulders on the
walls and bench edges (crests). Information about the more advanced monitoring
equipment and tools are provided through the following subsections. Fresh rubble near the
pit's toe or on the pit floor is a clear indication that instability has occurred. It must be
determined which piece of the slope failed and whether further material may fail. An

overhang is one of the most dangerous circumstances that can arise.
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6.2.2 Surveying with Prisms

Prisms, with millimeter precision, are the most widely used slope monitoring system in
open pit mines, due to their cheap costs. The Geodetic (prism) monitoring system is used
to detect long-term slope movement trends and to predict where slope failure is likely to
occur. This technology gives highly accurate and long-term 3D displacement data, but only
for the area immediately surrounding the placed prism because there are no data in-between
prisms. Even though prisms can be securely fixed with protective casing fitted around the
prism, many prisms are damaged or lost during blasts owing to rockfall, slope failure, etc.
Prism installation can be dangerous in some regions, as well as time consuming and costly.
When a prism becomes damaged or dusty, it inhibits the system's monitoring capability,
necessitating replacement or cleaning. Prism monitoring is similarly limited in that it

measures the movements of single, widely dispersed points on a slope.

6.2.3 Borehole Inclinometers

Inclinometers are geotechnical tools that measure horizontal displacements along a
borehole's numerous spots. As a result, they are sometimes known as borehole
inclinometers. These are useful for long-term, precise monitoring of a borehole's position
along its entire length. It is also possible to track the rate of movement by taking a series
of readings over time. The borehole must be extended below the depth of movement so
that readings taken at the end of the hole are referenced to a stable base. The depth of the
failure surface is determined by the depth at which shear movement is observed by the

slope inclinometer.
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6.2.4 Time Domain Reflectometry (TDR)

Time Domain Reflectometry is a technique that involves sending electronic pulses down
the length of a coaxial cable that has been grouted in a drillhole. When a deformation or a
break in the cable is met, a signal is reflected that provides information on the deformation
of the subsurface rock mass. While inclinometers are more commonly used to detect
subsurface displacements, TDR cables are becoming increasingly popular and have various
advantages over regular inclinometers, including lower installation costs, deeper

possibility of monitoring, etc. (Kane, 1998).

6.2.5 Slope Stability Radars

Slope stability radars measure sub-millimeter distances between antenna and continuous
points on slopes over a set scanned area. Their range can be up to 3.5 km, and they are
known for their rapid tactical installation and commissioning. There are two kinds of radar
systems used for monitoring. Although radar devices can provide accurate range
measurements, the area footprint of each measurement is huge when compared to a laser
system. The SSR (Real Aperture Radar) is a mobile surveillance system that uses a radar
dish. The scan time is determined by the size of the slope area chosen as well as the distance
from the slope. The hardware components require frequent maintenance due to the large
number of moving parts as it scans. A radar antenna moves side to side along a rail in the
SAR (Synthetic Aperture Radar) system. The system can be configured to be mobile, semi-
permanent, or permanent. The technology requires less maintenance and consumes little

power. It also has a high level of accuracy.
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6.2.6 Laser (LiDAR)

LiDAR (Light Detection and Ranging) is another surveying technology that can be used
for slope monitoring in mines. It uses speed of light to measure distances from instrument
and can be done via by aerial or ground surveys. LIDAR uses laser pulses to create a
detailed 3D map of a terrain or structure, including slopes in mines. In slope monitoring,
LiDAR can be used to create high-resolution images of slopes and to measure their
movement over time. LIDAR sensors are typically mounted on aircraft or ground-based
vehicles and scan the surface of the slope with laser beams. The reflected laser beams are
then used to create a detailed 3D map of the slope's surface. The resulting LIDAR data
can be used to create detailed digital elevation models (DEMs) of slopes, which can help
identify potential failure zones and other geotechnical hazards. LIiDAR data can also be
used to create accurate and detailed slope displacement maps, which can help track

changes in slope position over time.

Overall, LIDAR is a valuable tool for slope monitoring in mines, as it can provide highly
detailed and accurate data over large areas. LIDAR data can be combined with other
monitoring technologies, such as total stations and GNSS, to provide a comprehensive
understanding of slope behavior and to help prevent slope failures and other geotechnical
hazards in mines. Because it does not use prisms to measure points or faces, laser
monitoring may fill in the gaps where prism monitoring cannot. This system allows the
user to set monitoring areas and frequencies, as well as group specific points to be
monitored. As a result, it is also utilized for long-term trend monitoring and detecting

high-risk locations. While the laser is not as accurate as the radar system, the setup is
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relatively comparable. Its primary advantages are that it is a simple automated operation

that is simple to configure and that it provides medium to long range operation.

6.2.7 INSAR

Interferometric synthetic aperture radar (INSAR) is a satellite remote sensing technology
used for mapping ground displacement across a number of sectors. Satellite INSAR is well-
known in the open pit mining industry. The excellent precision and vast coverage of INSAR
make it an indispensable tool for surface mining operations and planning. Open pit mining
poses substantial geotechnical difficulties. These include building and maintaining pit
walls at ideal angles and berm heights. Operators can optimize this balance for each slope
and respond promptly when displacement rates alter thanks to precision displacement
monitoring. Satellite INSAR can detect displacement on all active and inactive slopes,
including pits, stockpiles, dumps, tailings facilities, and haul routes, in the same wide-area
footprint as existing ground-based instruments. INSAR datasets provide 1-2 mm resolution
coverage of ground movement for most of the earth surface with various satellites in
operation. The limitation of InNSAR is the limited measurement frequency (2-12 days
intervals). Thus, it should be a supplementary monitoring method, not a replacement to

local monitoring in the mine.

6.2.8 Total Stations

Total stations are a type of surveying instrument commonly used in slope monitoring in
mines. They are used to measure horizontal and vertical angles as well as distances between

points. In slope monitoring, total stations are used to measure the position and movement
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of slopes, which can help detect potential slope failures or other geotechnical hazards. Total
stations are typically set up on stable ground and are used to measure the positions of prisms
installed on the slopes being monitored. The total station sends a beam of light to the prism,
which reflects it back to the instrument. By measuring the angle and distance to the prism,
the total station can calculate the position of the prism and hence the slope being monitored.
The data collected by the total station can be used to create detailed slope displacement
maps and to track changes in slope position over time. This information can be used to

identify potential slope failures and to develop strategies for mitigating or avoiding them.

6.2.9 Global Positioning System (GPS)

GPS monitoring as a surface monitoring method, are based on satellites orbiting the Earth
can provide real-time positioning at any location, 24 hours a day, in any weather. It has the
potential to be employed in many engineering projects involving high cut slopes, huge open
pit mining, subsidence, and landslides to measure ground displacements over a vast region
(Chrzanowski et al., 1989). Several researchers have already investigated GPS applications
in ground displacements. GPS was developed by scientists from many fields who indicated
that the technology could measure displacements virtually as precisely as total station
surveying. Relative positions (3D coordinate differences) between receivers can be
measured with an accuracy of a few millimeters to about 20 mm over distances up to
several kilometers, and about 1 ppm (parts per million) over distances up to several hundred
kilometers, when two or more receivers work simultaneously in a so-called differential

mode (Mark et al., 2009).
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6.2.10 GNSS

GNSS (Global Navigation Satellite System) is another type of surveying technology
commonly used in slope monitoring in mines. GNSS uses a network of satellites to
determine the location of a receiver on the Earth's surface with high precision. In slope
monitoring, GNSS receivers are used to measure the position and movement of prisms
installed on slopes being monitored. The GNSS receiver receives signals from multiple
satellites and uses triangulation to calculate the receiver's position. By measuring the
positions of prisms installed on the slopes being monitored, GNSS can calculate the slope's
position and movement. GNSS is particularly useful in slope monitoring because it can
provide high-precision data over a large area. This makes it possible to monitor a wide
range of slopes simultaneously, which can be important in large mines or areas with many
slopes. GNSS data can be combined with other monitoring technologies, such as total
stations, to provide a more comprehensive understanding of slope behavior. Overall, GNSS
is a valuable tool for slope monitoring in mines, as it provides precise and accurate data on
slope movement and can help identify potential slope failures and other geotechnical

hazards.

6.2.11 Wireline Crack Extensometers

Wireline extensometers consist of a series of anchor points, a central rod, and a series of
measuring wires or cables. The anchor points are installed at the ends of the borehole and
provide a fixed reference point. The central rod is suspended between the anchor points
and is equipped with measuring wires or cables that are attached to the rock mass at specific

locations. As the rock mass deforms or moves, the distance between the anchor points
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changes, which is recorded by the measuring wires or cables. In open pit mining, wireline
extensometers are often installed in critical locations on slopes and walls, to monitor
movement and deformation over time. The data collected by wireline extensometers can
be used to create deformation maps and to identify potential failure zones. This information
can be used to develop strategies for slope stabilization and to help prevent slope failures
and other geotechnical hazards. Overall, wireline extensometers are an important tool for
monitoring rock mass movement and deformation in open pit mining and can help identify

potential geotechnical hazards before they occur.

6.2.12 Borehole Extensometers

The magnet extensometer measures settlement and heave in excavations, foundations,
dams, and embankments. It can also be used behind retaining structures like sheet piles and
slurry walls, as well as above underground apertures like tunnels and shafts. Extensometer
data show the depths at which settlement occurred as well as the total amount of settlement.
Wireline extensometers are instruments used in open pit mining to monitor the deformation
or movement of rock masses, including slopes, walls, and floors. They are typically
installed in boreholes drilled into the rock mass and are used to measure the distance

between two reference points in the borehole.

6.2.13 Seismic Geophones

Micro-seismic monitoring systems detect seismic signals caused by rock breakage or
movement within an open pit. Because micro-seismic sensors can remotely measure rock

fracture events, these techniques can map the 4D pattern and dynamic development of rock
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fractures before any deformation on the slope surface is visible. A micro-seismic system
for open pit monitoring is typically comprised of a geophone network with a number of
geophones implanted in the ground at 100-200 m intervals. The seismic signals must be
recorded by four or more geophone sites to acquire the 4D pattern of seismicity. The system
is typically used in a trigger mode, with short-time averages (STA) and long-time averages
(LTA) algorithms. The system is triggered, and the event is recorded when at least four
stations have a STA/LTA ratio greater than the set threshold (Mendecki, 1997; Lou et al.,

2018).

6.2.14 Piezometers

Data from hydrogeological conditions are very useful in building a better slope stability
analysis model, because it can be used to indicate the mechanism of slope failure and
correction of slope failure boundary. Piezometers are instruments used in open pit mining
to measure water pressure in the ground. They are used to monitor groundwater levels,
which can be important in determining the stability of slopes and the potential for
landslides and other geotechnical hazards. Piezometers are typically installed in boreholes
drilled into the ground and are designed to measure the pressure of water in the surrounding
soil or rock. The water pressure measured by the piezometer can be used to calculate the
depth of the groundwater table, which is an important factor in slope stability analysis. In
open pit mining, piezometers are often installed around the perimeter of the pit and in key
locations on slopes, to monitor changes in groundwater levels and to detect potential
hazards. The data collected by piezometers can be used to create groundwater flow models

and to develop strategies for managing water in the mine, such as dewatering.
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Overall, piezometers are an important tool for monitoring groundwater levels in
open pit mining and can help identify potential geotechnical hazards before they occur.
Unexpected variations in piezometer readings or changes in steady flow from dewatering
wells may indicate subsurface movement that has cut through a perched water table or
intersected a water bearing structure. Changes in water pressure caused by drain channel
blockage can potentially cause slope failures. Water can also enter fissures and hasten
weathering processes. Freeze-thaw cycles cause water-filled joints to expand and loosen

highwall material. During cold weather, increased scaling may be required.
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7 Summary and Future Works
7.1 Pixel-based Landslide Mapping Model

This study introduces a data fusion machine learning approach for landslide inventory
development. Optical and SAR imagery as well as readily available geospatial inputs for
the region impacted by landslides due to the Kumamoto 2016 earthquakes were used within
a logistic regression model. A visually drawn landslide inventory, created by NIED of
Japan by investigating the post-event aerial imagery and satellite SAR data and pre-event
optical imagery, was used for training, validation, and testing data. Optical imagery
included pre-event satellite (DigitalGlobe) and post-event aerial (GSI) high-resolution
imagery. SAR imagery was also available for pre- and post-event from ALOS-2 satellite’s
PALSAR-2 sensor. Several change indices were tested including grayscale index change,
vegetation index change, and temporal SAR amplitude change as additional predictive
inputs for pixel-wise landslide classification. Based on the ROC-based feature ranking
results, grayscale change, vegetation change, and HV amplitude difference were included
in the classification algorithm. To enhance the performance of the model, geospatial data
of related variables were also evaluated including elevation, slope, aspect, curvature,
landslide probability, precipitation, and geology. Based on the conducted feature ranking
analysis, five geospatial features with the highest predictive ability were included in the
classification algorithm, including, slope, curvature, landslide probability, precipitation,
and geology. Model development (training and validation) data and testing data were
randomly spatially sampled across distinct regions. Using 10% of available landslide pixels
and 0.4% of the non-landslide pixels from the model development grid regions, a relatively

small and balanced training dataset was created. The logistic regression classification
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across five different scenarios was tested: 1) RGB; 2) RGB + Change; 3) RGB +
Geospatial; 4) RGB + Change + Geospatial; and 5) all variables regardless of feature
ranking results. Comparing the outcomes of the logistic regression classification models,
the model trained and tested via 11 features (RGB plus selected change and geospatial
variables) outperformed the other case models and was introduced as the preferred model.
The feature importance analysis after training the classifier showed that the slope and
geology variables are the most important among geospatial variables, green channel has
the highest importance among RGB channels, and the grayscale change index has the
highest importance among the change information variables. Given that this model was
only developed by only 3.85% of the total pixels across the region, a landslide inventory
can be developed using a relatively small training dataset with a short run-time due to the
very high speed of logistic regression classification modeling. It is suggested that the
methodology proposed in this research be tested on other earthquake-triggered landslide
events in Japan and other regions around the globe. Additional informative bands might be
still beneficial to the landslide modeling, including landcover data, Near-Infrared and other
bands of the multi-spectral sensors, etc. In addition, feature transformation and
engineering, as well as dimensionality reduction techniques are worthy of investigation.
The other direction of research could be to try model via deep learning algorithms such as
convolutional neural networks (CNN) on the same datasets to analyze the comparative
classification performance using post-event images with and without additional parameters

used in this research.
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7.2 Semi-Supervised Liquefaction Mapping Model

The idea of this paper was to generate spatially consistent and complete maps of
liquefaction ejecta using a small number of visually labeled liquefaction surface effects
using high resolution aerial imagery with the aid of advanced computer vision and machine
learning algorithms. A semi-supervised self-training classification method was presented
and validated in this study and showed superior performance in detection of liquefaction
surface effects, compared to the supervised learning approach. This paper also investigated
the use of RGB image-derived products as inputs into the classification algorithm such as
transformations based on color, texture, statistics, and dimensionality reduction. The
results showed enhanced performance of liquefaction labelling when selected statistical
indices and dimensionality reduction techniques’ outputs are used alongside RGB channels
of the imagery. Texture and color transformation components did not impact the model
performance considerably. The feature ranking was done via MRMR algorithm which
reduces the redundancy and increases the relevance of the features to the classes of interest.
A Fuzzy-based clustering approach was proposed for clustering liquefaction pixels into
two classes of dark and light liquefaction to increase the certainty of the pixels by removing
outliers and mixed pixels from the labeled liquefaction training data. The advanced
machine learning and image processing methods used in the study, made it possible to
spatially complete and augment the partial inventory of liquefaction labels in the image
library provided by Sanon et al. (2023) with an acceptable accuracy. The proposed
methodology can be applied in other domains where labeled and high-quality training data
is limited, and there is a need for semi-supervised algorithms to classify data due to

difficulty of labeling.
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7.3 Regional Tile-based Landslide Mapping Model

In this work, we trained a deep learning CNN for mapping landslides from aerial or satellite
optical RGB imagery using transfer learning from the DeepLabV3+ with the pre-trained
ResNET50 base model. The model was trained, validated, and tested using the landslide
inventory and aerial imagery (0.5m resolution) from the 2016 Kumamoto earthquake
induced landslides. The trained model was then applied on two separate events (landslide
impacted region from the 2017 Hokkaido earthquake and landslide impacted region from
the 2019 Asakura rainfall events). For the 2017 Hokkaido event, the optical RGB imagery
was collected by xx and had an original resolution of 3m. The pretrained model had
acceptable accuracy only when the Hokkaido imagery was down-sampled to 0.5m. The
2019 Asakura rainfall event had the same resolution as the Kumamoto event and resulted
in similar accuracy. The proposed transfer learning model is applicable for post-event
landslide mapping with good cross-event transferability. It should be emphasized that
although the selected regions affected by landslides differ in various aspects such as
topography, triggers, and landslide shape and size, most of them have high vegetation
coverage, which is the main reason for the often-limited model transferability to new areas
without vegetation land cover. A few recent studies have tried to extend the transferability
of deep learning-based landslide detection methods by training the models via data from
multiple events (Yu et al., 2021; Ghorbanzadeh et al., 2022; Zhang et al., 2023). However,
this scheme is just in its beginning phase, and it still has a significant capacity to improve

and expand in order to achieve globally applicable models.
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7.4 Global Geospatial Liguefaction Hazard Model
This study aimed at developing a global liquefaction hazard model, while soil liquefaction

is a complex local phenomenon. Such global liquefaction hazard maps are very useful,
especially when local geotechnical data and surficial geologic maps are not available. A
great effort was spent to balance the dataset for liquefaction prediction model development
in @ manner to exploit the data as much as possible. The class and event imbalance issue
are treated in an innovative manner by under-sampling large events and distributing the
datasets over several balanced subsets. Instead of training a single classifier, a system of
voting machine learning classifiers is designed to achieve higher accuracy and certainty,
using different classification techniques to balance the performance, as not a single
classification technique can be considered the best for all earthquake events. The results
showed superior performance compared to previously published logistic regression-based
liquefaction probability models. The use of several relevant features in this study, which
was made possible by the aid of advanced machine learning algorithms was found to be
very helpful in detecting liquefaction-prone regions. The leave-one-out testing approach
based on the total exclusion of individual earthquake events from the training data, revealed
the uncertainties associated with accuracy assessments reported in the literature for
liquefaction susceptibility models. This study highly recommends that geospatial
liquefaction hazard models should be developed based on the leave-one-out accuracy
assessments, not data partitioning. Future directions of research could be designing even
more advanced and complex systems and finding ways to assign different weights to the
individual classifier in the proposed voting system to optimize the final decision. Addition

of other geospatial variables or the same but higher quality products might also be effective,
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especially for the events where the model did not perform well. Some of the geospatial
predictors used are temporally variable, and future research can yield additional insights
by considering fluctuations over time, and their effects on liquefaction potential. Including
more information retrieved from liquefaction historical data, especially for under-
represented areas, might help to improve models on a regional level. In addition, combining
geospatial and geotechnical methods could be considered to address the limitations of the
geospatial liquefaction models. An issue with any advanced machine learning paradigm is
the lack of a defined analytical expression that can be provided for further use. Simple
interpretations of model structure is also generally impossible. While traditionalists may
resist using these models, they will finally open their ways into the world of geotechnics
and geohazards, given their demonstrated capabilities in learning from huge datasets.
However, trained Al-based models should be delivered as codes or software, in a manner
that is accessible to a broad community of users and researchers for further implementation
of the proposed scheme. Several organizations would benefit from the outcomes of this
study, such as civil protection organizations, insurance companies, extreme events’ first
responders, post-event reconnaissance teams, urban planners, and infrastructure
constructors. Although the accuracy of the global geospatial models at the local scale is not
very high, the availability of large-scale susceptibility maps of liquefaction hazard can
assist policymakers and infrastructure administrators in prioritizing territories where
should be investigated further to assess the seismic risk of structures and infrastructures

associated with the occurrence of earthquake-induced soil liquefaction.
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7.5 Slope Stability in Open Pit Mining

In summary, different commonly used slope monitoring techniques in the open pit mining
industry was presented, in addition to the geomechanical, hydrological and geological
considerations of pit slope design briefly. The instrumentations vary from surface to
subsurface and airborne. Visual investigations are also a crucial part of the monitoring

which is complementary to the remote sensing data.
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