
ABSTRACT

DESAI, VRINDADEEPAL. Identifying Precursors of Creeping Landslides through Remote
Sensing and Network Science. (Under the direction of Karen Daniels).

As a result of extreme weather conditions, such as heavy precipitation, natural hill-

slopes can fail dramatically; these can even occur on a dry day due to time lags between

rainfall and soil saturation. While the pre-failure deformation is sometimes apparent in

retrospect, predicting the sudden transition from gradual deformation to runaway ac-

celeration and catastrophic failure remains challenging. Recent advancements in remote

sensing techniques, like satellite radar interferometry, enable high spatial and temporal

resolution measurements of deformation and topographic information, providing valuable

insights into landslide detection and activity. Landslides are common off the Big Sur coast

(Central California) due to active tectonics, mechanically weak rocks, and high seasonal

precipitation. Within the study site are 26 active landslides, of which two have slipped

– Mud Creek, a slow-moving, deep-seated landslide that catastrophically failed in May

2017 and Paul’s Slide, which has experienced lots of shallow slips this year.

In this dissertation, I apply methods developed to describe the physics of complex

systems to investigate the spatiotemporal patterns of slow deformation for creeping land-

slides (up to 0.4 m/yr). I transform observations — ground surface displacement (InSAR)

and topographic slope (digital elevation model) — into a spatially-embedded network.

This data is represented as a multilayer network in which each layer represents a se-

quential data acquisition period. I use community detection, which identifies strongly-

correlated clusters of nodes, to identify patterns of instability. I have shown that using

high-quality data containing information about the rheology (via velocity as a proxy)

and susceptibility (slope) of the area successfully forecasts where the Mud Creek failure

occurred; this method also identifies two other creeping landslides in the vicinity. Analy-

sis of the overall community structure shows a quiescent period of community persistence

that ends in the weeks immediately prior to the failure of Mud Creek.

In addition to rheology and susceptibility, I explore how incorporating hydrological in-

formation into the multilayer network affects the temporal signal detected by community

persistence. I examine different weightings of hydrological information – precipitation

from PRISM and soil moisture at different depths and water table depth simulated by

WRF-Hydro – to better capture the physical processes leading up to catastrophic fail-

ure. The analysis shows that including hydrological information on the types explored



does not sufficiently enhance the quality of detected communities or the transition be-

tween stable to catastrophic failure. This is because the rheological information already

captures the hydrological mechanisms.

Having developed these techniques on Mud Creek, whose failure is known, I apply

the same techniques on a much larger scale, encompassing 26 active landslides. Using

multivariate analysis, I distinguish among a set containing active landslides and control

areas using community detection results and information such as precipitation, vegeta-

tion, deformation, topography, and satellite coherence. More than 50% of the variation in

the dataset is explained using multivariate analysis. I distinguish between landslides that

display motion characteristics of approaching catastrophic failure and landslides that are

moving but are currently stable. I further classified the active landslides into 4 groups

varying in levels of susceptibility and identified a group of landslides that are more prone

to unstable behavior, one of which is Paul’s Slide, which has since displayed shallow fail-

ures. Active landslides that experience high enough deformation that is hard to capture

using InSAR move from a moderately susceptible classification to highly susceptible.

Through the use of multilayer networks and community detection, I am able to suc-

cessfully forecast where Mud Creek is, as well as detect the transition from stable to catas-

trophic failure. The use of rheology and susceptibility are able to encompass the underly-

ing mechanics without added hydrological information. Finally, I apply these techniques

to a larger dataset to identify which landslides are high-risk and should be monitored more

closely. These observations demonstrate that using network science techniques provides

an important advancement in the understanding and forecasting of landslide transitions

from slow-moving to sudden acceleration. These observations demonstrate that network

science enables us to analyze landslide dynamics in greater depth than simply examining

overall deformation.
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Chapter 1

INTRODUCTION

1.1 Study of Failures in Complex Systems

Understanding complex systems that fail is challenging. Over the past ten years alone,

there have been many studies to analyze and identify the precursory regime before failure

in complex systems (Tordesillas et al. 2021; Das and Tordesillas 2019; Kilburn 2018;

Zhang and Zhou 2020; Aime et al. 2018). These studies observe that failure is a gradual

process, even if the failure event is sudden. Identifying the dynamic precursor that signals

impending failure would provide valuable insights into understanding and forecasting

failure in complex systems, specifically landslides.

Therefore, to gain insight into landslides and in a much broader sense, complex sys-

tems, we first explore the underlying physics of failures within systems and the techniques

others use to analyze failures. One way to conceptualize complex systems encompass a

multitude of interconnected nodes that interact with each other, and understanding them

requires looking at the individual elements and their interactions. Examples of complex

systems include climate change (Gupta et al. 2022), granular systems (Tordesillas et al.

2020; Fazelpour 2022; Oger et al. 2020), disordered lattices (Berthier et al. 2019), ecosys-

tems, and more (Torres et al. 2021; Qi and Majda 2019; Tordesillas et al. 2013; Rietkerk

et al. 2021). Our focus is on understanding the characteristics and predicting the be-

havior of systems that exhibit complex changes at a macroscopic level. This behavior

arises from the collective actions of many interacting components (Mitchell 2011). Some

common frameworks used to study complex systems are self-organizing criticality and

scale invariance.

Self-organizing criticality (SOC) is the tendency of a particular class of complex sys-
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tems to evolve towards a critical state, where small changes can have significant effects

(Bak et al. 1988). The term ”self-organized” means that the critical state arises from the

interactions and dynamics of the system’s components without external control. The sys-

tem maintains the critical state through its self-adjusting processes. SOC has been used

in various fields to explain complex systems, such as geophysics, evolutionary biology,

ecology, optimization, and quantum gravity. A classic example to illustrate SOC is the

sandpile model. Imagine a pile of sand where you keep adding grains to the top. Initially,

the pile will grow, but eventually, avalanches will start to occur seemingly spontaneously;

this is the critical state. These avalanches ranged from small, with just a few grains, to

a significant portion of the pile (Bak 1996).

The size of the avalanches are predicted to follow a power-law distribution, where

large events are rare and found in the tail of the distribution. Systems with a power-law

distribution have many small events and few catastrophic events, resembling a power-law.

These complex systems tend to be robust to external factors and reach the critical state

spontaneously (Clauset et al. 2009).

Quantitative theories of the physics behind these types of systems are possible be-

cause the macroscale phenomena are often independent of microscopic details. Using

scaling functions on systems that undergo events with power-law distributions provides

a framework for understanding and analyzing the macroscopic behavior of complex sys-

tems. Imagine a magnetic material in a slowly changing external field. The magnets

will respond to the field by randomly changing their magnetization. A burst of magnets

that switched their spin is called an avalanche. Fig. 1.1 shows two cross-sections of this

magnetic system at a critical point: the top is a 1003 cross-section and the bottom is

10003 cross-section. With blurred eyes, they statistically look the same (Sethna 2006).

This scale-invariant behavior has been studied in many driven, non-linear, dynamical

systems that display power-law distribution, such as earthquakes, fluids invading porous

materials, the dynamics of superconductors, cascading failures in power grids, fracture

in disordered materials, and more (Girard et al. 2010; Sethna et al. 2001, 1993).

One field that has taken scale invariance and developed a law to model behavior over

various time and size scales is fluid mechanics. Despite the micro-interactions between the

molecules and differences between fluids, the Navier-Stokes equation is used to describe

Newtonian fluids using a few material parameters – density and viscosity.

In a similar vein, researchers have applied network-based methods to study failure in

a disordered material. A system that is commonly studied is blackouts of electrical power

grids, and experiences a phenomenon known as cascading failure(Dobson et al. 2007).
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Figure 1.1: Cross-sections of avalanches during magnetization. Each avalanche is drawn
in a separate color. (Top) A 1003 cross-section. (Bottom) A 10003 cross-section. The black
background represents a large avalanche. Figure from Sethna et al. (2001).
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Cascading failure happens when a node in a system fails, increasing the loading on other

nodes and ultimately causing failure to propagate. This failure may not necessarily start

with adjacent nodes or be uniform across the system. Cascading failure occurs when

the load exceeds a node’s capacity (Mizutaka and Yakubo 2015). Examples of cascading

failure include river floods(Zhu et al. 2021), the financial collapse of a country (Huang

et al. 2013), and traffic jams (Duan et al. 2023).

Berthier et al. (2019) employed network-based methods on a disordered 2D acrylic

mesh under compression to forecast the location of failure by identifying highly centralized

and critical edges as failure propagated over time. Tordesillas et al. (2020) studied failure

locations in concrete samples under uniaxial tension. The authors observed that the pre-

failure dynamics are governed by the emerging pathways that rerouted the force loadings,

i.e. the failure propagates throughout the sample as it reaches the critical point.

While self-organizing criticality and scale-invariance frameworks hold great appeal in

explaining complex systems due to the simplicity behind them, these frameworks do not

fully capture the behavior of granular systems or most real systems. While SOC may

explain phenomena near the critical point, it is not predictive of events or even the oc-

currence of large-scale events. In addition, SOC relies on the idea of universality, meaning

that different systems at their critical point belong to the same set of behaviors. SOC

and scale-invariance limit the understanding of the underlying processes and mechanisms

by disregarding the microstate interactions. This limits their ability to provide insights

into the fundamental dynamics as a complex system reaches the critical point. The heavy

focus of the regime around the critical point leads to a lack of understanding of other

important behaviors within the system, hindering a comprehensive view of the system.

Self-organized criticality, in particular, has limited application in granular systems,

which exhibit more complicated behavior than explained by these frameworks. Avalanches

in a granular system display behavior that belongs to both the critical and non-critical

states, and the power-law distribution of a granular system is more complex than sug-

gested by Bak et al. (1988). The scaling behavior is also more complicated than a simple

finite-size scaling analysis could capture. The avalanches in granular systems respond to

external perturbations through many individual events, which are not evenly distributed

across all time scales but rather concentrated around a particular time interval dependent

on the system (Jaeger and Nagel 1992).

Given the potential for small perturbations to compromise the stability of granular

systems, forecasting when and where failures might occur poses a significant challenge.

Recent studies have explored complex spatial systems and their dynamic evolution, aim-
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ing to identify potential failure locations and times using network science techniques (Pa-

padopoulos et al. 2018). Granular systems have been studied over a range of spatial scales

(particle, chain, domain, and bulk) and temporal scales, particularly how microscale in-

teractions translate to the mesoscale structure.

For example, in Fazelpour et al. (2023), we identify interparticle forcing and analyze

the evolution of the forces as pressure is applied. With the application of network science

techniques and community detection, we successfully forecast when failure will occur

in a 2D granular system that undergoes annular shear. The experimental setup, shown

in Fig. 1.2, is an annular apparatus that undergoes stick-slip behavior from an applied

torque (see panel b). As pressure is applied to the system, force chains are created, shown

in panel a, where the top left corner shows a sample network and the bottom right shows

the resultant community structures where each color is a community. Using information

up to the failure, we are able to predict when the granular system fails during stick-slip

motion. The methods used in Berthier et al. (2019) and Fazelpour et al. (2023) to forecast

when failure will occur in a granular system are applied to the work discussed in this

thesis.

To gain insights into such systems, we have explored the underlying physics of failures

and the techniques used to analyze them, considering examples from granular systems,

disordered lattices, blackouts in power grids. Most of these studies have focused on either

where failure will occur or when. I aim to apply the underlying physics and methods

developed to forecast when and where a failure will occur using network science techniques

and community detection.

1.2 Landslides

In the context of landslide forecasting, the analysis of an event using historical data

(sometimes known as hindcasting), existing approaches have primarily focused on tem-

poral analysis of ground deformation or spatial analysis of unstable slopes. The history

of temporal analysis includes inverse velocity (INV) theory (Fukozono, 1985), which pre-

dicts the time of failure in the terminal stages. However, INV theory lacks a spatial

aspect and is susceptible to noise due to its reliance on the inverse value of a derivative

parameter. To improve forecasting accuracy, recent work has integrated spatial aspects

into this method (Intrieri et al. 2019; Zhou and Ye 2021; Carlà et al. 2019; Dick et al.

2015).
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Figure 1.2: (a) Image of annular apparatus filled with 2D photoelastic disks where force
chains are seen. Top left corner shows the contact network, and bottom right shows the
community structure where each color is a community. (b) Stick-slip magnitude over time
from the torque that is applied to the apparatus. Figure from Fazelpour et al. (2023).
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Spatial analysis has often relied on expert judgment and in situ data, which can intro-

duce uncertainty and bias (Christian and Baecher 2012). Recent advances have explored

the spatiotemporal evolution of landslides (Cremonini and Tiranti 2018; Tordesillas et al.

2021) but challenges persist in effectively using physics-based models and advanced sta-

tistical methodologies to analyze the complex and high-dimensionality of Earth-observed

data (Bernardi et al. 2021; Gaidzik and Ramı́rez-Herrera 2021; Whiteley et al. 2019).

Additionally, there is a need to integrate the intrinsic failure behavior and critical failure

criteria of landslides into forecasting approaches.

Considering the complexities and limitations inherent in existing methods, there arises

a strong incentive to explore novel avenues that harness granular and network-based

methodologies to enhance the accuracy of landslide forecasting and warning systems.

Globally, data on landslide distribution and impact remain scarce, underscoring the im-

portance of integrating cutting-edge remote sensing technologies to bolster monitoring

capabilities and aid local authorities in comprehensive hazard assessment.

Landslides are typically characterized by the downward movement of rock, soil, or

debris, and catastrophic landslide events occur when this material suddenly collapses.

These catastrophic landslides are highly destructive and result in numerous casualties

each year. Measuring the physical properties of landslides – velocity, groundwater con-

tent, and depth of water table – during a failure is challenging. However, advancements in

remote sensing technology have enabled us to monitor landslide movement with high spa-

tial and temporal resolutions, which is particularly beneficial for studying slow-moving

landslides. Slow-moving landslides exhibit relatively stable rates of movement, ranging

from millimeters to several meters per year over months to decades. Although they are

generally stable, there are instances when they rapidly accelerate, resulting in catas-

trophic failure at speeds on the order of meters per second (Lacroix et al. 2020).

Fig. 1.3 shows two well-documented slow-moving landslides: (1) the Slumgullion land-

slide in Colorado, USA, and (2) the La Clapière rock slide in the French Southern Alps.

The Slumgullion landslide, Fig. 1.3(a), has been slowly moving downhill for the past 300

years at a rate of about 10 to 20 mm per day, approximately consists of 1 km2 area (Hu

et al. 2020), and looks like a river. In Fig. 1.3(b), the head scarp, the upslope portion of

a landslide where failure is occurring, of the La Clapière rock slide shows where the slide

originated from. The La Clapière rock slide has been monitored for the past 40 years,

has moved over a hundred meters, and the main mass has now stabilized with no clear

reason as to why (Jean-Louis 2019).

Landslide dynamics are driven by various internal and external factors, including

7



� �

Figure 1.3: Photos of Slumgullion debris slide, USA (panel a) and La Clapière rock slide,
France (panel b). These are examples of slow-moving landslides. Photograph panel a by
William Schulz, US Geological Survey and panel b courtesy of GeoAzur. Figure from
Lacroix et al. (2020).

changes in groundwater, seismic activity, and deforestation. Fig. 1.4 shows many ways

to increase or decrease the shear strength of a hillslope. These factors result in changes

in the mechanical properties of the material itself. Historically, slow-moving landslides

have been identified post-failure and are typically found in groups where the area has

mechanically weak soil rich in clay and high seasonal precipitation. These landslides are

commonly deep-seated, exceeding a thickness of 3 meters, and exhibit diverse spatial and

temporal kinematic changes (Lacroix et al. 2020).

1.3 Moisture Induced Landslide

Throughout this thesis, I will focus on moisture-induced landslides, which are spread

throughout the coast of California, and the dynamical behavior of these landslides is

governed by wet granular mechanics and slope stability. Moisture-induced landslides can

be triggered by heavy rainfall, prolonged precipitation, or extreme change in groundwater

levels (Lacroix et al. 2020). These factors impact the stability of a slow-moving landslide.

Community Earth System Model Large Ensemble (CESM) predicts a 100% to 200%

increase in cumulative seasonal precipitation due to human-induced climate change over
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