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Preface to “Earth Observations for Geohazards” 
Earth Observations (EO) encompasses different types of sensors (e.g., SAR, LiDAR, Optical 

and multispectral) and platforms (e.g., satellites, aircraft, and Unmanned Aerial Vehicles) and 
enables us to monitor and model geohazards over regions at different scales in which ground 
observations may not be possible due to physical and/or political constraints. EO can provide high 
spatial, temporal and spectral resolution, stereo-mapping and all-weather-imaging capabilities, but 
not by a single satellite at a time. Improved satellite and sensor technologies, increased frequency of 
satellite measurements, and easier access and interpretation of EO data have all contributed to the 
increased demand for satellite EO data. EO, combined with complementary terrestrial observations 
and with physical models, have been widely used to monitor geohazards, revolutionizing our 
understanding of how the Earth system works.  

This book is the first volume of the 2-volume collection of scientific contributions focusing on 
innovative EO methods and applications for monitoring and modeling geohazards, consisting of two 
chapters: (1) earthquake hazards, and (2) landslide hazards. The second volume of this book series 
contains another two chapters: (1) land subsidence hazards, and (2) New EO techniques and services. 

Finally, we would like to take this opportunity to thank all authors, editors, reviewers, and 
supporters for their hard work and dedication that made this Special Issue possible.  

Zhenhong Li and Roberto Tomás 
Guest Editors 
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Abstract: Earth Observations (EO) encompasses different types of sensors (e.g., Synthetic Aperture
Radar, Laser Imaging Detection and Ranging, Optical and multispectral) and platforms (e.g., satellites,
aircraft, and Unmanned Aerial Vehicles) and enables us to monitor and model geohazards over
regions at different scales in which ground observations may not be possible due to physical and/or
political constraints. EO can provide high spatial, temporal and spectral resolution, stereo-mapping
and all-weather-imaging capabilities, but not by a single satellite at a time. Improved satellite
and sensor technologies, increased frequency of satellite measurements, and easier access and
interpretation of EO data have all contributed to the increased demand for satellite EO data. EO,
combined with complementary terrestrial observations and with physical models, have been widely
used to monitor geohazards, revolutionizing our understanding of how the Earth system works.
This Special Issue presents a collection of scientific contributions focusing on innovative EO methods
and applications for monitoring and modeling geohazards, consisting of four Sections: (1) earthquake
hazards; (2) landslide hazards; (3) land subsidence hazards; and (4) new EO techniques and services.

Keywords: earth observation; EO; geohazards; earthquake; landslide; land subsidence; InSAR;
LiDAR; optical; images; displacement; deformation; damage assessment; satellite; monitoring

1. Introduction

Geohazards are often defined as the events related to the geological state and processes that
pose potential risks to people, properties and/or the environment, which can be classified within
two main categories: natural hazards (such as earthquakes, landslides, volcanic eruptions, tsunamis,
and floods) and human-induced hazards (such as land subsidence due to groundwater-extraction,
water contamination, and atmosphere pollution). Geohazards could cause enormous human
and economic losses and disruption, which continue to grow worldwide. In the past decades,
the annual cost of natural hazards has increased dramatically [1]. Earthquakes represent one
of the most devastating geohazards in terms of human suffering and economic damage, but the
major cause of casualties, infrastructural damage, and economic losses, is the secondary hazard of
landslides [2]. Volcanic eruptions also represent a significant proportion of geohazards [2], and major
eruptions can modulate regional or global atmospheric composition and climate in detrimental
ways. Land subsidence due to anthropogenic processes, such as extraction of groundwater, gas,
oil, and coal, is another worldwide geohazard that affects wide areas, causing infrastructure damage
and increasing flood risk [3,4]. Better decisions require better knowledge to characterize, monitor and
model geohazards and then mitigate their impacts on people and the environment. During the past
decades, Earth Observation (EO) has been widely applied to disaster risk management (including
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disaster preparation, response, recovery and mitigation), especially disaster response [5], since it
provides extremely useful information for researchers, decision makers and plan makers.

EO is the gathering of information about the Earth using remote sensing technologies, which are
often supported by ground surveying techniques. EO has considerably changed our ways of seeing
the world, providing a framework to precisely map and monitor large-scale phenomena in a timely
way. EO from space and aircraft, combined with complementary terrestrial observations and physical
models, have been used to monitor geohazards. An important aspect of space-based (and airborne)
EO is that we can investigate areas in which ground observations are not possible due to physical
or political constraints. EO techniques can be classified according to sensor types, e.g., passive or
active, optical, radar (radio detection and ranging), LiDAR (Laser Imaging Detection and Ranging),
or multispectral/hyperspectral. They can be also classified according to the platforms in which
the sensors are installed: satellite-based, aircraft-based, Unmanned Aerial Vehicle (UAV) based
and ground-based.

This Special Issue contains a collection of articles focusing on the use of EO techniques for the
investigation of geo-hazards. We received a total of 79 manuscripts for consideration of publication,
which were carefully reviewed by external and independent experts in their respective fields.
Forty-three of these manuscripts were accepted for publication. These studies utilize the state-of-the-art
EO techniques to map, characterize, monitor and model a range of geohazards, including earthquakes,
landslides, land subsidence, and tsunamis. The following sections include a study of present and future
trends and challenges on the use of EO and an overview of the 43 contributions in this Special Issue.

2. Use of EO for Geohazards throughout Bibliometric Data

Although EO techniques were firstly used for military and security applications in the Cold
War [6], they have become available for a wide range of applications and users during the past few
decades. In this section, we illustrate the increasing use of EO techniques throughout a bibliometric
study on the occurrence of the term “Earth Observation” in the Web of Science’s bibliographical
database similar to previous studies (e.g., [7]). Our searches are restricted to the “Remote sensing”
and “Geology” segments. Figure 1 shows the increasing number of yearly publications about the
above-mentioned terms. It is clear in Figure 1 that the number of EO publications has started to
increase since the 1990s with an apparent exponential-like trend, indicating that EO literature has
been growing considerably. Although EO techniques were born last century, it is still a topical issue
probably due to its inherent high technological components and wide range of potential applications.

 

Figure 1. Evolution of the number of publications per year (dots) in the database Web of Science (WOS)
containing the term “Earth observation” in the field of TOPICS between 1968 and 2015. Note that the
searches are restricted to (a) “Remote Sensing”; and (b) Geology in the Web of Science. The dashed
lines represent the best fit power function of the dots. The dotted lines correspond to the logistic fit
performed by [8] for the terms “LiDAR” or “Laser scanning” in the GEOREF database.
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3. Overview of Contributions

As mentioned earlier, forty-three papers were published in this Special Issue. These studies cover
a range of geohazards including earthquakes, landslides, land subsidence, and tsunamis (Figure 2a).
Figure 2b shows all the different types of EO sensors used in the published papers such as Synthetic
Aperture Radar (SAR), LiDAR, optical, multispectral, GPS and Altimetry, and Figure 2c shows all the
different platforms such as satellites, aircraft, Unmanned Aerial Vehicles (UAV) and ground-based
platforms. It is clear in Figure 2 that satellite SAR has been widely employed to investigate geohazards
due to its all-weather imaging capabilities. It should also be noted that these 43 studies cover
different EO usages including geohazard mapping, monitoring and modelling. An overview of
all the contributions are presented in the following sections.

 

Figure 2. Number of papers published in this Special Issue (SI) classified according to: (a) the types of
geohazards; (b) the types of sensors employed; and (c) the types of the sensor platforms. Note that
(i) the total number in (a) is less than 43 since one article addresses an EO method that could be applied
to various geohazards; and (ii) the total numbers in (b,c) are greater than 43 because multiple sensors
and/or platforms were utilised in some papers.

3.1. Earthquake Hazards

Earthquakes represent an increasing risk of human loss and severe economic damage as vulnerable
populations grow in areas of seismic hazard. Observations of the seismic cycle not only give insight
into the mechanics of a fault, but also play key roles in estimating the likelihood of future earthquakes.
Interseismic motions build up stress and lead to earthquakes. Zhu et al. [9] employ two tracks of
ENVISAT ASAR images to determine the deformation rate maps of the Altyn Tagh Fault (ATF),
and then calculate the regional strain rate field using a multi-scale wavelet method. Their results
suggest a left-lateral slip rate of 8.0 ± 0.7 mm/year and a locking depth of 14.5 ± 3 km, which is in
agreement with previous GPS and ERS InSAR results.

Postseismic transient deformation is a process that contributes to regional stress evolution,
modifying the background tectonic plate motions. Liu et al. [10] present a method to model postseismic
deformation time series with the combination model of afterslip and viscoelastic relaxation, and
then simultaneously estimate the time-dependent afterslip distribution and the viscosity beneath
the earthquake zone. It is reported that (i) the preferred time-dependent afterslip of the 2009 Mw
6.3 Dachaidan, China earthquake mainly occurs in the upper 9.1 km, and increases with time;
and (ii) the preferred lower bound of the viscosity beneath the Qaidam Basin’s northern side is
1 × 1019 Pa·s, close to that beneath its southern side but different from those in other parts of the
Tibetan Plateau, indicating that the viscosity structure beneath the Tibetan Plateau may vary laterally.

The deformation occurring during an earthquake is referred to as coseismic. Observations of
coseismic deformation are often used to determine earthquake source parameters, slip distributions,
and even the rupture histories. Xu et al. [11] generate continent-wide two-dimensional (2D) (east–west
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and vertical) coseismic displacement maps for the 2015 Mw 8.3 Illapel, Chile earthquake using
Sentinel-1A TOPS imagery, suggesting that the east–west component (up to 2 m) dominates the
2D surface displacement. Using similar Sentinel-1A data, Solaro et al. [12] also produce coseismic
displacement maps for the 2015 Mw 8.3 Illapel, Chile earthquake. Their joint Okada inversion
with multiple Sentinel-1A interferograms suggests that most of the slip occurs northwest of the
epicenter with a maximum located in the shallowest 20 km; their Finite Element Model indicates
that (i) its estimated maximum slip is comparable to the Okada model; and (ii) the von Mises stress
distribution agrees with the depth distribution of the aftershock hypocenters. InSAR observations
are utilised to investigate the 2003–2004 Bange, China earthquake sequence, involving a series of
normal faulting events with Mw > 5.0, indicating that InSAR can provide reliable source parameters of
shallow, moderate-sized earthquakes in areas that lack dense seismic networks [13]. Li et al. [14] use
Sentinel-1A interferograms to model the 2016 Mw 5.9 Menyuan, China earthquake; they find that the
2016 event has a different focal mechanism from a previous Ms 6.5 earthquake although both are at
the two ends of a secondary fault, which is believed to reflect the left-lateral strike-slip characteristics
of the Lenglongling fault zone. Multi-platform InSAR observations are employed to determine the
coseismic and postseismic slip distributions of the 2011 Mw 7.1 Van, Turkey earthquake, indicating
that the upper 7–9 km of the fault, unruptured during the coseismic phase, underwent afterslip in the
postseismic phase that may have reduced the seismic potential in its whole length from NW to SE [15].

3.2. Landslide Hazards

Landslides can be triggered by many different mechanisms, such as sudden large earthquakes,
constant seismic activity in a tectonically active area, monsoonal rainfall or storms. There are a range
of factors that affect landslide motion, including topography, geology, vegetation, precipitation and
anthropogenic factors (building roads, deforestation or agricultural terraces). In total, 13 papers on
landslides are published in this Special Issue. Mapping is the first topic covered by these papers.
Landslide inventory maps document the extent of landslide phenomena in an area and contain
relevant information that can be exploited in different ways [16]. Therefore, EO techniques can play
an important role in landslide mapping. Al-Rawabdeh et al. [17] present an automated approach to use
unmanned aerial vehicles (UAVs) and Semi-Global dense Matching techniques to identify and extract
landslide scarps. Watanabe et al. [18] use airborne L-band fully polarimetric SAR to detect landsliding
areas induced by Typhoon Wipha on 16 October 2013 on Izu Oshima Island (Japan). Plank et al. [19]
propose a fast procedure for mapping landslides based on change detection between pre-event optical
imagery and the polarimetric entropy derived from post-event very high resolution (VHR) polarimetric
SAR data.

Monitoring landslides is a crucial task to understand the mechanisms, adopt preventive measures
and reduce casualties and infrastructure damage [20]. This assignment has been revolutionized by
EO techniques. Several contributions are focused on landslide monitoring, proposing and applying
novel procedures, using different sensors and platforms and evaluating the quality of the results.
Qu et al. [21] develop the hybrid-SAR procedure to combine both amplitude-based and phase-based
methods to map and monitor large landslides exhibiting different deformation magnitudes, sliding
modes and slope geometries. Using the Slumgullion landslide (southwestern Colorado, USA) as
an example, Wang et al. [22] propose a fully polarimetric SAR offset tracking method to improve the
precision of landslide movement monitoring. Taking the Shuping landslide (Three Gorges, China) as
a case study, Sun and Muller [23] demonstrate the capability of sub-Pixel Offset Tracking techniques to
monitor relatively fast slope movements in densely vegetated areas with and without the presence of
artificial corner reflectors. Bardi et al. [24] integrate ground-based and satellite InSAR data to study the
Åknes rockslide (western coast of Norway). Kropáček et al. [25] monitor the displacements of a large
landslide on the western escarpment of the Main Ethiopian Rift (Debre Sina) by means of a multisensor
and multitechnique approach. Fernández et al. [26] use Unmanned Aerial Vehicles imagery and high
resolution photogrammetry to monitor horizontal and vertical displacements of a landslide affecting
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olive groves in La Guardia de Jaén (Spain). Finally, in Hsieh et al. [27], the errors of digital terrain
models (DTMs) derived using different techniques are discussed.

Modelling is also a hot topic in the landslide field. The relationships between triggering factors
and the landslide kinematics are a key aspect for the subsequent prediction of future episodes of
activities. Jiang et al. [28] propose a sequential data assimilation method (i.e., Ensemble Kalman
filter) to couple the surface displacements of the Shuping landslide (Three Gorges, China) derived
from the Pixel Offset Tracking technique with hydrological factors. De Novellis et al. [29] develop
three-dimensional (3D) Finite Element Models (FEM) of the Ivancich landslide located in Assisi town
(Central Italy) through the integration of geological, geotechnical and satellite datasets.

3.3. Land Subsidence Hazards

Land subsidence is an increasing problem worldwide that has strongly attracted the attention
of the InSAR community due to the high capability of InSAR techniques for the study of this type
of phenomena. This is evidenced by the fact that all the contributions dedicated to this topic in this
Special Issue use InSAR techniques for characterizing and monitoring land subsidence.

Beijing and Tianjin are regional economic drivers in Northern China. The aquifers systems in this
region have been massively exploited and land subsidence has become evident. Three papers published
in this Special Issue are focused on the spatio-temporal distribution pattern and the characterization
of land subsidence as well as its triggering and conditioning factors. Zhang et al. [30] study land
subsidence in the Beijing-Tianjin-Hebei region from 1992 to 2014 using ERS-1/2, ENVISAT ASAR
and RADARSAT-2 images. Similarly, Liu et al. [31] present their results from C-band ENVISAT
ASAR and L-band ALOS PALSAR imagery covering the period 2007–2009 , implying Line of Sight
(LOS) displacements up to 170 mm/yr. Chen et al. [32] employ Small Baseline InSAR technique to
process ENVISAT ASAR and TerraSAR-X stripmap images collected from 2003 to 2011 and observe
a maximum subsidence in the eastern part of Beijing with a rate greater than 100 mm/year; they also
find some relationships between land subsidence and different conditioning and triggering factors
(e.g., groundwater levels, soft soil thickness and active faults). This contribution has attracted attention
of a wide range of prestigious international media (e.g., The Guardian, The Telegraph, Huffington Post,
Forbes and BBC), and is ranked in the top 5% of all research outputs ever tracked by Altmetric, a system
that tracks the online attention for a specific piece of research (See: https://mdpi.altmetric.com/
details/8441790#score). This contribution is also selected as TOP 10 published articles in 2016 by MDPI
(http://blog.mdpi.com/2017/02/20/mdpi-altmetrics-top-10-published-articles-in-2016).

Many coastal areas in the world are experiencing land subsidence due to various factors.
The combination of land lowering with rising water levels due to global sea-level rise can make
coastal areas especially vulnerable to flooding [33]. Two papers in this Special Issue study land
subsidence in coastal areas [34,35]. Cianflore et al. [34] analyze different causes contributing to land
subsidence observed in the ancient Greek colony of the Sibari Plain (Southern Italy) using ENVISAT
ASAR and Cosmo-SkyMED images. Xu et al. [35] focus on the land subsidence affecting the land
reclaimed from the sea in Shenzhen (SE China). These authors use a Point Target based Small Baseline
Subset InSAR approach to process ascending and descending ENVISAT ASAR images acquired during
the period from 2007 to 2010, and observe subsidence rates up to 25 mm/year.

Yang et al. [36] perform correlation analyses between potential triggering and conditioning
factors and land subsidence in the Linfen–Yuncheng basin (China) derived from ENVISAT ASAR
data collected in 2009–2010. The authors conclude that the observed land subsidence occurs within
the fault-controlled basin and is mainly caused by groundwater withdrawal. Similarly, Bai et al. [37]
observe a maximum subsidence rate of up to −67.3 mm/year in Wuhan, China using TerraSAR-X
images from 2009 to 2010, which are believed to be mainly caused by anthropogenic activities, natural
compaction and karst dissolution. A seasonal pattern of displacements is also noticed near the Yangtze
River by these authors. Caló et al. [38] use eight-year ENVISAT ASAR images to investigate land
subsidence mainly due to groundwater overextraction in the Konya plain, Turkey, and a joint analysis
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with GRACE data suggests that the groundwater depletion is not limited to the study site but affects
a wider region in the Anatolian Plateau.

Land subsidence information from InSAR observations can be exploited for different purposes.
Pacheco-Martínez et al. [39] present a novel approach to combine InSAR and gravimetric surveys for
risk management related to land subsidence and surface ground faulting generation. Boni et al. [40]
describe a novel methodology for the exploitation of InSAR data to support geological interpretation
in areas affected by land subsidence, uplift and seasonal displacements.

Mining-induced subsidence is another important anthropogenic geohazard. Ma et al. [41] study
mining subsidence in Shendong Coalfield (China), suggesting that the extent of subsidence exhibits
a progressive increase of 13.09 km2 per month during the period from 2012 to 2013.

Surface displacements associated with the geothermal field of Yangbajing (China) are studied and
modelled by Hu et al. [42] using ENVISAT ASAR images collected from 2006 to 2010, allowing for the
interpretation of the volume changes produced in the geothermal field.

Zhou et al. [43] focus on the combination of InSAR observation and numerical modelling to obtain
the physical parameters of the Earth-dam displacements of the Shuibuya Dam (China), and these
parameters are then used to predict future behaviors of the dam.

3.4. New EO Techniques and Services

Several papers in this Special Issue are focused on new EO techniques and services for geohazard
management. Ding et al. [44] develop new methods to reduce stripe artifacts (SA) and Topographic
Shadowing Artifacts (TSA) in surface displacement maps retrieved from Landsat 8 optical images.
Their experiments indicate that their algorithms could improve the precision of surface displacement
maps (near 15%).

Since parameters of satellite orbits of historical declassified intelligence satellite photography
(DISP) imagery are not available and ground control points (GCPs) are lacking, Zhou et al. [45] develop
a second order polynomial equation-based block adjustment model for orthorectification that provides
accuracy in the level of 2.0 pixels (i.e., approximately 2.0–4.0 m) in the assembling of the imagery
for geohazard mapping. Chen et al. [46] illustrate the potential of the BeiDou Navigation Satellite
System (BDS) to serve as a fast and reliable early warning system of tsunamis. Cignetti et al. [47]
propose an iterative procedure which is applied through the Parallel-SBAS web-tool within the Grid
Processing-on-Demand (G-POD) environment to improve SAR data selection and processing by
minimizing the temporal decorrelation effects over high mountain regions to obtain mean deformation
velocity maps and displacement time series.

Following large geohazards, especially those associated with widespread destruction and high
mortality, rapid, accurate and reliable damage assessment is essential to obtain information to guide
response activities in the critical post-event hours. Using airborne LiDAR data, He et al. [48] develop
a 3D shape descriptor to detect surface- and structure-damaged roofs. Using airborne oblique
images, Vetrivel et al. [49] develop a Visual-Bag-of-Words (BoW) based damage classification to
detect structure-damaged areas. Ma et al. [50] present an automatic procedure to generate cloudless
backdrop and disaster change-detection maps from optical imagery, whilst Xie et al. [51] demonstrate
a framework to combine aerial remote sensing imagery with crowdsourcing to support wide-area
assessments of building collapses. Using high resolution multispectral and panchromatic remote
sensing data, Cooner et al. [52] demonstrate the effectiveness of multilayer feedforward neural
networks, radial basis neural networks, and Random Forests in detecting earthquake damage.
It is demonstrated in [53] that a combination of a post-event very high resolution SAR image
with a pre-event building footprint map can be effectively used to detect damaged buildings,
and Zhai et al. [54] demonstrated the feasibility to use a single post-event PolSAR image to assess
building damage.
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4. Current Challenges and Future Trends of EO for Geohazards

In this section, we analyze the evolution of the annual production of EO publications recorded in
the Web of Science’s bibliographical database in the fields of Remote sensing and Geology. Several
previous studies [55–57] conclude that a power model (q > 0, K > 1) can properly explain the growth
of publications and new authors in different fields of science. Therefore, to explore the evolution of
EO publications, we fit power functions to the available data (Figure 1). It is clear in Figure 1 that the
first work in this discipline was published in the middle of the 1970s, but the take-off of this discipline
took place in the 1990s. Since then, the number of EO papers has exhibited an exponential-like growth.
Furthermore, the fittings show that the growth rate (K) in the number of publications is higher in the
remote sensing segment than in the Geology one, because remote sensing includes all the applications
of EO not restricted to geology. In order to provide a reference value to be compared with our data,
we also plot the best-fit logistic functions of the publications focused on LiDAR or Laser scanning
proposed by Derron and Jaboyedoff [8]. Although the data are not directly comparable since their
publication data were extracted from the GEOREF database rather than from the Web of Science (WOS),
which is usually more restrictive, and the LiDAR discipline is much younger that EO, the initial trends
of both EO and LiDAR publications are quite similar.

The high number of manuscripts (i.e., 79) received to be considered for this Special Issue is also
a good indicator of the increasing prosperity of the EO community. Most of the papers published in
this Special Issue are focused on the post-event exploitation of EO products, i.e., they use EO data to
investigate disasters after the event occurs. There is a delay between the event occurrence and the
delivery of the useful EO-derived information for decision-makers. Therefore, a great effort is needed
in the coming years to reduce the response time after disasters. It should be noted that EO can also be
widely applied to disaster preparation, recovery and mitigation. On 1 January 2016, the 17 Sustainable
Development Goals (SDGs) of Transforming Our World: the 2030 Agenda for Sustainable Development
adopted by world leaders at the 2015 UN Sustainable Development Summit officially came into force,
and will run through 2030 and applies to every country. EO and its derived information are specifically
demanded to serve the 2030 Agenda by monitoring the 17 SDGs and associated 169 targets, planning
and tracking progress, and helping nations and other stakeholders make informed decisions.

5. Conclusions

To conclude, EO has reached some degree of maturity although it is still growing fast following
a power trend. The recent success of EO for the investigation of geohazards is mainly due to the
development of new EO sensors and techniques, the improved capabilities of EO data acquisition
and analysis, and the advance in the production of standardized products to be used by planners
and decision makers. It is expected that more and more real-time EO products and services will be
emerging in the near future, which will enable us to better manage geohazards.
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Abstract: The Altyn Tagh Fault (ATF) is one of the major left-lateral strike-slip faults in the
northeastern area of the Tibetan Plateau. In this study, the interseismic deformation across the ATF at
85˝E was measured using 216 interferograms from 33 ENVISAT advanced synthetic aperture radar
images on a descending track acquired from 2003 to 2010, and 66 interferograms from 15 advanced
synthetic aperture radar images on an ascending track acquired from 2005 to 2010. To retrieve the
pattern of interseismic strain accumulation, a global atmospheric model (ERA-Interim) provided by
the European Center for Medium Range Weather Forecast and a global network orbital correction
approach were applied to remove atmospheric effects and the long-wavelength orbital errors in
the interferograms. Then, the interferometric synthetic aperture radar (InSAR) time series with
atmospheric estimation model was used to obtain a deformation rate map for the ATF. Based on
the InSAR velocity map, the regional strain rates field was calculated for the first time using the
multi-scale wavelet method. The strain accumulation is strongly focused on the ATF with the
maximum strain rate of 12.4 ˆ 10´8/year. We also show that high-resolution 2-D strain rates field
can be calculated from InSAR alone, even without GPS data. Using a simple half-space elastic
screw dislocation model, the slip-rate and locking depth were estimated with both ascending and
descending surface velocity measurements. The joint inversion results are consistent with a left-lateral
slip rate of 8.0 ˘ 0.7 mm/year on the ATF and a locking depth of 14.5 ˘ 3 km, which is in agreement
with previous results from GPS surveys and ERS InSAR results. Our results support the dynamic
models of Asian deformation requiring low fault slip rate.

Keywords: InSAR; AltynTagh Fault; interseismic deformation; geodetic inversion; slip rate

1. Introduction

The ongoing active continental collision between the Indian and Eurasian plates has created
the massive topography of the Tibetan Plateau over the last 50 million years. The tectonic processes
underlying this region are still not completely understood and a number of models have been proposed
to explain the dynamics of the area [1–4]. The active Altyn Tagh Fault (ATF) is a distinctive feature
of Tibetan geography, inscribing a fairly linear trace over 1500 km across northern Tibet (Figure 1),
separating the high plateau in the south from the low Tarim Basin in the north. The Tibetan Plateau
south of the ATF has an average elevation of ~4000 m, whereas the northern Tarim Basin has an
average elevation of only ~1000 m. The ATF begins in the west at the Pamir Mountains and ends
in the east near the Qilian Mountains. It is generally accepted that the ATF is divided into three
segments, the west, middle, and east, between 84˝E and 94˝E [5]. It is a major tectonic element in
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the Cenozoic Indo–Asian collision zone [6] that defines the northern margin of the Tibetan Plateau.
It plays a key role in identifying the Tibet deformation patterns and its slip rates have constituted an
important constraint for deriving the velocity field of East Asia [7]. Some studies argued that the ATF
might accommodate as much as one-third of the overall convergence between India and Siberia [7].
Zhang et al. [8] derived the velocity field of the present day tectonic deformation in the Tibetan
Plateau using 553 GPS observations. The velocity distribution suggested that the relative movement
between the Indian and Eurasian plates was adjusted and absorbed by crustal shortening and internal
strike-slip shearing in the Tibetan Plateau. In particular, the Himalaya Mountains absorbed 44%–53%
of the total shortening, while the Qaidam Basin, Qilian Mountains, and Altyn Mountains in the north
absorbed 15%–17%, and the interior of the plateau absorbed the remaining 32%–41%. It has been
regarded as either a lithospheric-scale strike-slip fault promoting the eastward extrusion of Tibet [9] or
a crustal-scale transfer fault linking thrust belts [10].

 

Figure 1. Location and velocity map of the Altyn Tagh Fault (ATF). The top left figure shows the whole
tectonic background of the ATF, the low right figure is the zoom-in of the blue rectangular in it and
shows the velocity map. In the low right part, the black solid line indicates the ATF. The blue rectangle
is the InSAR frame of D391 and A298. The red dashed line is the estimated fault location, and the
blue arrows represent the azimuth and LOS direction. The focal mechanism symbols represent the
events after 1976 from the Harvard CMT catalogue. The black arrow shows the north direction. The red
arrows with ellipses show the GPS velocity projected to the rough fault line. The GPS velocity is from
Ge et al. [11].

There are two end-member models for the continental deformation mechanism in Tibet
accommodating the Indian sub-continent collision with Eurasia: block and microplate models and
continuum models. To discriminate between these two models, we need to determine the slip rate
of the ATF accurately. Late Quaternary slip rates have been reported along most of the ATF at both
decadal and millennial time scales. Geodetic measurements at the decadal time scale indicating that the
ATF slips at ~10 mm/year [12–15] have been used to support continuum deformation of the Tibetan
Plateau [1,2,8,15] or block-like deformation [3,4]. Elliott et al. [16] investigated the same location as this
study using ERS data and the stacking method and concluded that the slip rate was 11 ˘ 5 mm/year,
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supporting continuum deformation. In contrast, He et al. [17] tried to determine the slip rate using a
GPS profile, and their conclusion was 9.0 ˘ 4.0 mm/year, consistent with block-like deformation. At a
millennial time scale, the geological slip rate is given as 27 ˘ 7 mm/year from detailed measurements
of riser offsets of different geomorphic terraces using radiocarbon and cosmic ray exposure dating of
the offset terraces [18].

In the past two decades, InSAR [19] has become a widely used deformation mapping tool in
studying geophysical process. Since the first coseismic interferogram was published [20] in the 1992
Mw 7.4 Landers earthquake, InSAR has made significant contributions to earthquake cycle research
(e.g., [20–24]). Wright et al. [21] first retrieved the interseismic slip rate of strike-slip fault using stacking
method. Walters et al. [22] improved Wright and coworkers’ results using SAR data from two look
directions, reducing the range of uncertainties of slip rate and locking depth by 60%. At present, InSAR
is regarded as a significant tool for tectonic geomorphology and seismic hazard assessment [25]. In this
paper, InSAR observations are the major source of data for the determination of slip rate and locking
depth of the ATF.

Although geodetic measurements are consistent with others that estimated ~10 mm/year, they
differ significantly from rates determined by geological methods (27 ˘ 7 mm/year; [18]) and have
significant uncertainties. In this study, we attempted to determine a highly accurate slip rate of the
left-strike ATF using the interferometric synthetic aperture radar (InSAR) time series with atmospheric
estimation model (TS + AEM) package with the same descending track (D391) as Elliott et al. [16],
as well as an ascending track (A298) of ENVISAT data after the atmospheric and orbital errors were
removed. In order to determine whether there is significant strain accumulation away from the major
faults, the strain rate field was calculated based on horizontal velocity field using the multi-scale
waveform method proposed by Tape et al. [26]. The fault slip rates are inverted based on a half-space
elastic screw dislocation model. Finally, we interpreted the geodetic velocity field and investigated the
essence of crustal deformation in this region.

2. Interseismic Rate Map from InSAR Time Series

InSAR has the potential to measure interseismic strain accumulation at a dense spatial scale. It is
widely used to estimate the slip rates of major faults [16,21,22,27,28] since Massonnet et al. successfully
extracted the coseismic deformation of the 1992 Landers earthquake [20]. Wright et al. [21] werethe
first to use InSAR for studying the interseismic deformation. InSAR has been proven to be a important
tool in researching the seismic cycle deformation after many successful applications in coseismic [20],
postseismic [29] and interseismic [16,21,22,27,28] deformation. Walters et al. [22] improved Wright
and coworkers’ results [21] by using SAR data from two different look directions, in their paper, they
stated that the uncertainties in slip rate and locking depth are reduced up to 60% which is a huge
improvement. In our study, we used two directions SAR data in order to obtain the deformation of
ATF following Waltersand coworkers’ method [22]. Crustal deformation signals measured over short
time scales are dominated by orbital and atmospheric errors. Interseismic deformation can be extracted
from several interferograms when the atmospheric and orbital errors are removed.

2.1. InSAR Data and Processing

Synthetic aperture radar images from the advanced SAR (ASAR) instrument on board the
ENVISAT satellite were used in this study to investigate interseismic deformation across the ATF at
85˝E. The data set was acquired between June 2003 and June 2010, and includes 33 descending images
and 15 ascending images. The raw data were processed with repeat orbit interferometry package
(ROI_PAC) Version 3.1 beta [30]. Precise DORIS orbital data for ENVISAT satellite provided by ESA has
been used for interferometric processing. All of the interferograms were produced using the NSBAS
package [31,32]. Image pairs were selected by spatial and temporal baselines: (i) Bt < 1 year and
Bs < 500 m; (ii) Bt < 3 year and Bs < 300 m; and (iii) Bt < 5 year and Bs < 100 m (Figure 2). In ascending
track 298, the 10 October 2005data extends the time baseline from 2 to 5 years, which is significant for
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the time series deformation analysis. Unlike ROI_PAC, the NSBAS takes into account the DEM when
co-registering images [33], which improved the interferometric processing and increased the coherence
of interferograms.

 

 

Figure 2. Temporal and spatial baseline of InSAR interferograms: (a) D391 and (b) A298.

During SAR data processing, we multilooked the SAR images 4 and 20 times in the azimuth
and range directions, respectively, during processing to improve the signal-to-noise ratio. The phase
component of the topography was removed using the three-arc second shuttle radar topography
mission (SRTM) DEM [34] with the ESA DORIS precision orbits. A power spectrum filter [35] was
applied to further reduce the phase noise to improve the interferogram coherence. Most interferograms
were unwrapped using the branch-cut method [36], but some of them needed manual unwrapping
(bridge) across the fault due to the loss of coherence. The unwrapping errors were detected and
removed by a phase-closure technique [37,38]. After phase closure check, we correct the atmospheric
errors and orbital ramps (Figure 3) respectively. The whole process flow is summarized in Figure 4.
The coherence of north areas of the ATF was commonly higher than that of the southern part because
of snow cover on the southern mountains (Figure 5). Areas near the ATF have poor coherence even
compared with the southern part as a result of the topography.
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Figure 3. Example interferogram (17 October 2005–19 February 2007) showing the effects of APS
and orbit correction. (a) observation interferogram; (b) APS corrected interferogram (using TRAIN
software); (c) orbit corrected interferogram (using Biggs’s network correction method).

 

Figure 4. Flow chart of data processing, from raw data to final LOS velocity.

 

Figure 5. (a) Ground surface mean LOS velocity maps from InSAR time series analysis for D391. The fat
black arrow shows the north direction. The dashed line indicates the fault location used for the 2-D
modeling. The OO1 line stands for the fault location. (b) Ground surface mean LOS velocity maps from
InSAR time series analysis for A298.
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2.2. Atmospheric Correction

The greatest factor limiting InSAR measurement accuracy is atmospheric delay, particularly from
tropospheric water vapor [39].This is exacerbated for the ATF due to its relief of ~4 km [16]. Crustal
deformation signals measured over short time scales are dominated by orbital and atmospheric errors.
The atmospheric phase delay, mainly derived from the temporal variation of stratified troposphere,
may reach tens of centimeters [40,41].

There are two groups of correction methods to estimate atmospheric phase delay, the empirical
and the predictive methods. Assuming that the relationship between the atmospheric delays and
elevation is approximately linear, a first order function [16,41,42] could be used to estimate the
conversion coefficient. Unfortunately, empirical methods cannot be easily used when the expected
deformation signal correlates with topography, which is the case for such major topographic
steps like ATF [16]. Predictive methods are based on inputs from external data sets to compute
synthetic delay maps and directly correct for tropospheric delays in interferograms. The external
data sets include local meteorological data [43], GPS zenith delay measurements [44–47], satellite
multi-spectral imagery [48,49], and outputs from local meteorological models constrained by local data
collection [50–52]. These external data have proven successful and accurate for atmospheric correction;
however, rarely available local data limit the popularity of this method.

Here, we use the method from Bekaert et al. [33,53,54] to estimate the atmospheric phase delay
maps using the ERA-I global atmospheric model reanalysis product [55] obtained from the European
Center for Medium-Range Weather Forecasts. The ERA-I provides estimates of temperature, water
vapor partial pressure, and geopotential height along 37 pressure levels, on a global 0.7˝ ˆ 0.7˝
grid at regular 6-hour intervals from 1989 to present. Both hydrostatic and wet contributions to the
phase delay are taken into account in this approach (Figure 3). This method accounts for spatial
variability of the tropospheric properties and successfully captures tropospheric signals over large
regions. In Figure 3, for example, we removed the elevation-correlated atmospheric path delay from
original observations to correct for atmospheric errors; in Figure 3b, the clear difference across the fault
in Figure 3a is removed denoting the reduction of the elevation-correlated atmospheric delay. We have
calculated the standard deviation(σ) reduction of the APS correction and find that σ is reduced in 38%
by ECMWF-based correction. The results confirm that the ERA-I model can overcome limitations of
empirical models [56].

2.3. Orbital Correction

Because of our imperfect knowledge of the state vector of the ENVISAT satellite, even after the
effects of baseline separation have been removed, an orbital error remains in the interferogram [57].
A clear linear ramp is shown in atmospheric corrected interferogram (Figure 3b). It is caused by long
wavelength orbital errors and the orbital correction is needed before further processing. A linear
approximation is usually sufficiently accurate for short strips (100–200 km along track) and a quadratic
approximation is required for longer strips. This approach is sufficient because the deformation
signal represents a small portion of interferometric phase, such as volcanology and earthquakes [58].
Hence, it is possible to define a “far-field” area of the interferogram and to re-estimate the baseline
parameters [37]. However, there is no true “far-field” in such a large area for studies of interseismic
deformation, so the baseline for individual interferograms to deal with the orbital contributions cannot
be precisely re-estimated.

For this reason, Biggs et al. [37] presented a global network orbital correction method to deal with
the issue of orbital contributions at a later stage of re-estimating the baseline. Here, we use this method
to remove orbital errors remaining in the interferograms (Figure 3c). It can be seen from Figure 3c that
a phase ramp is removed from the atmospheric corrected interferogram (Figure 3b) after the network
orbital correction. The σ reduction of this step is 13% of the interferogram. This correction technique
also accounts for other long wavelength signals, such as ionospheric and long wavelength tropospheric
contributions as well as errors in orbit [37].
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2.4. Rate Map

A LOS rate map is calculated from the interferograms corrected for both atmospheric and orbital
errors using the InSAR TS + AEM package developed at the University of Glasgow based on the SBAS
algorithm [59–61] as the flow chart in Figure 4. The RMS between LOS deformation derived from the
InSAR TS + AEM package and GPS measurements is smaller than 0.5 mm/year, which was validated
independently by Li et al. (Abstract G13B-07 presented at Fall Meeting. 2010, AGU, San Francisco, CA,
USA) and Hammond et al. [62].

We obtained the deformation rate map for the ATF from corrected interferograms using the InSAR
TS + AEM approach (Figure5). It indicates that the deformation rate of ATF ranges from –2 mm/year
to 2 mm/year in the LOS direction. One clear point is that the LOS velocity changes across the ATF in
both tracks. The opposite gradient trends on ascending and descending tracks were consistent with
left-lateral motion of the ATF system. There is no clear correlation between the topography and the
mean-velocity map, indicating that the topography-related atmospheric errors have been successfully
removed and that no significant residual atmospheric effect related to the topography is affecting
the results.

To test the effect of the isolated 10 October 2005 acquisition to the final velocity results, we
performed the inversion without the 10 October 2005 data. The result is shown in Figure 6: the left one
(Figure 6a) is the velocity of data set including 10 October 2005 data, whereas the right one (Figure 6b)
is velocity result from data set without 10 October 2005 data. From the velocity map we can know that
the 10 October 2005 data actually affects the result in some degree (the range of LOS velocity changes
from –2.00~1.72 mm/year of data set including 10 October 2005 data to –2.20~1.92 mm/year without
10 October 2005 data), however the first-order deformation characteristics is consistent with the results
obtained from all the dataset.

 

Figure 6. LOS velocity map of Ascending track 298 with (a) and without (b) the 10 October
2005 acquisition.

2.5. Strain Rate Map

Strain fields of a region describe the geometric changes caused by deformation and, therefore, its
characteristic pattern and amplitude are very important to understanding the present-day tectonic
processes and underlying driving forces in this area. The strain rate tensor can be used to study crustal
deformation and characterize geodynamic processes, such as strain accumulation, independent of a
reference frame. Therefore, it is common to derive the distribution of strain rate fields to capture the
tectonic mechanism of a region.

To better constrain the deformation characteristics of the ATF, we calculated the strain rate field in
the spherical coordinates from velocity fields using the wavelet-based multi-scale estimation method
proposed by Tape et al. [26]. This method can localize a given deformation field in space and scale as
well as detect outliers in the observation set. Based on the relative less normal deformation from a GPS
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study [11], we resolved the along-fault velocity using ascending and descending track LOS velocities
and used it as the total horizontal velocity. Then we extrapolated the velocity field of this area using
the Kriging interpolation method (Figure 7a). Finally, we calculated the three invariant quantities,
related dilatation rate, strain rate and rotation rate, which do not depend on the coordinate system.

Figure 7. ATF strain map: (a) velocity map, the red arrows show the vertical velocity (directs north
means upmotions and south means down motions) and the fat black arrow shows the north direction;
(b) dilatation rate; (c) strain rate and (d) rotation rate.

The strain rate field (Figure 7c) exhibits the expected interseismic pattern for a locked fault with a
maximum along the fault and symmetric on either side. Strain accumulation is strongly localized on
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the ATF. The northern Tarim Basin and southern high plateau regions are straining at very low rates in
comparison to the major strike-slip faults. The maximum strain rate along the fault is approximately
12.4 ˆ 10´8/year. The dilatation rate was nearly zero. The rotation rate has a maximum of approximately
10 ˆ 10´8/year, indicating that rotation can partly account for the deformation in the vicinity of the fault.
In comparison to previous studies, our results are consistent in one-order features, although we only
calculate the strain rate field across the ATF rather than the whole Tibetan Plateau. The strain rate fields
in Figure 7c reproduce the same first-order features as the velocity field, and show that strain is strongly
focused on the main left-lateral strike-slip fault. In this study, we have shown that it is possible to create
2-D strain maps using InSAR data from two observations, even in the absence of GPS observations.

3. Modeling

As seen from the strain field in Figure 7c, the strain strongly focused on the main left-lateral
strike-slip fault, so we can assume that the main contributions to the deformation are from the ATF.
To aid in the interpretation of the first-order characteristics of the LOS velocity map, a simple elastic
model with single fault geometry was used to invert the slip-rate and locking depth of the ATF.
Although one more complex model may be more appropriate for this fault, the lack of data near the fault
makes it hard to constrain the deformation using a complex model. Consequently, we assumed a strike-slip
fault with 90˝ dip angle. We assumed that LOS deformation is a combination of fault parallel deformation
and vertical deformation, ignoring normal fault deformation, which is justified by GPS measurements [11].
We modeled the fault as a buried infinite screw dislocation in a homogeneous, isotropic elastic half-space,
where aseismic slip occurs at a rate (s) below a locking depth (d) during the interseismic period.

Under this assumption, we converted displacement of two profiles in LOS direction into horizontal
displacements parallel to the fault and vertical displacements. We accounted for both horizontal
and vertical displacement with two data tracks in our inversion rather than accounting for only
horizontal displacement [16] with only one track, in our inversion process the contribution from
vertical components is subtracted from the InSAR observations. The relationship between LOS
displacements and horizontal and vertical displacement is given by:

dlos “ unsinϕsinθ ´ uecosϕsinθ ` uucosθ (1)

where ϕ is the azimuth angle for the satellite orbit, θ is the incidence angle, and u(n,e,u) are the north,
east, and up components of displacement, respectively. We decomposed the horizontal component of
the fault to parallel and normal components and ignored the normal component. As it is one-third
smaller with respect to the parallel component and nearly vertical to the LOS direction, its projection
to the LOS is negligible. Thus, Equation (1) can be rewritten as:

dlos “ uhcosαsinθ ` uucosθ (2)

where α is the angle between the fault line and horizontal projection of LOS. We thus have two
unknowns (uh, uu) and two equations, so it is possible to solve the equations.

The slip rate (s) and locking depth (d) of the fault were determined based on the Savage and
Burford [63] analytical solution, which explains the surface velocity (y) parallel to the fault at a given
distance (x) from the fault as:

y “ s
π

tan´1 x
d

(3)

We performed an initial parameter search over the 0.5–10.0 mm/year for slip rate and 5–35 km
locking depth with the simulated annealing algorithm [64,65]. Our best-fit model for joint inversion,
corresponding to the minimum of RMS misfit, yields a slip rate of 8.0 mm/year and a locking depth
of 14.5 km. The simulation and residuals between observations and simulating results of D391 and
A298 are presented in Figures 8 and 9 respectively. The residuals of A298 are not as smooth as D391.
This probably results from fewer image dates in the inversion, which again confirms that additional
observations can reduce errors.
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Figure 8. (a) D391 mean LOS velocity profiles (gray dots) and the weighted average profile (dark blue)
with 2σ deviation (light blue). All of the points shown on the left are projected onto the profile as
gray dots. The red line is the best-fit model with a slip rate of 8.0 mm/year and 14.5 km locking
depth; (b) Model simulation map from the best-fit model values. The fat black arrow shows the north
direction; (c) Residuals between model and observation results. The near zero residuals demonstrate
the inversion goodness.

Figure 9. (a) A298 mean LOS velocity profiles (red dots) and the weighted average profile (dark blue)
with 2σ deviation (light blue). All the points shown in the left are projected onto the profile as red
dots. The red line is the best-fit model with a slip rate of 8.0 mm/year and 14.5 km locking depth;
(b) Model simulation map from the best-fit model values. The fat black arrow shows the north direction;
(c) Residuals between model and observation (Figure 5b) results.
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Regarding error associated with these fault parameters, the main source remaining in the mean
velocity map is related to residual turbulent atmospheric perturbations and orbital error in the
interferograms. Therefore, we attempted to estimate the impact of such perturbations in the fault
parameters by generating 100 perturbed mean velocity maps and then using the same inversion
scheme as for the non-perturbed dataset. The parameter uncertainties were determined using the
standard deviation of the slip and locking depth estimate from the 100 runs, which resulted in a slip
rate of 8.0 ˘ 0.7 mm/year and 14.5 ˘ 3 km for locking depth (Figure 10).

We also performed the parameter search for each track data and assumed no vertical
displacements. The best-fit parameters for D391 are 8.2 mm/year of slip and a locking depth of
16 km (blue dots in Figure 10), whereas the best-fit parameters for A298 are a slip rate of 8.3 mm/year
and 14.8 km of locking depth (green dots in Figure 10). The results from the two tracks are in good
agreement with each other. Figures 8 and 9 show profiles of the LOS velocity perpendicular to the strike
direction of the ATF for the descending and ascending tracks, respectively, which are consistent overall
with a classic arctangent shape predicted by screw dislocation models across strike-slip faults [63].
The residual maps show that the LOS velocity of the descending track (D391) fits well with the model,
whereas the ascending track (A298) has some significant misfits in the southern part. This may be
caused by unwrapping errors or less coherence resulting from a smaller number of SAR images.

The joint inversion results of both tracks are slightly slower because we ignored the vertical fault
motion contribution in the single track inversion, as it is small relative to horizontal motion along the
fault. We note that the joint inversion results are more concentrated near the best-fit parameters than
the single track inversion, which demonstrates the importance of including the vertical displacements
to better constrain the ATF deformation. The uncertainty for both slip rate and locking depth was
reduced using SAR data from two directions as opposed to one single direction.

 

Figure 10. Results from the Monte Carlo error analysis. The red dots represent joint inversion whereas
blue (D391) and green (A298) dots represent single inversions. The higher frequencies of slip rate and
depth concentrate near 8.0 mm/year and 14.5 km, respectively.

4. Discussion

After planar orbital and linear atmospheric corrections, we computed the strain rate fields using a
multi-scale wavelet method. The strain fields show that deformation across the ATF is concentrated on
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the fault. England and Molnar [2] calculated crustal velocity fields and strain rates within Asia from
estimates of Quaternary slip rates on faults and baseline length rates between GPS sites. They suggested
that the strain rate fields determined by geodetic measurements taken on a decadal timescale are
consistent with geological observations on a 104 years timescale. Allmendinger et al. [66] derived
2-D strain and rotation rate fields from a GPS velocity field using both the nearest neighbor and
distance weighted approach. Their results showed that the principal infinitesimal strain rate axes
in Tibet are consistent with large, long term geological structures similar to England and Molnar [2].
Gan et al. [67] deduced the strain rate fields using ~726 GPS velocities around the plateau after removing
the rotational component of the entire plateau. Although the method and data set are different from
England and Molnar [2], their results were generally consistent in all of the relevant areas within the
plateau. Our strain fields are consistent with the first-order characteristics across the major faults from
previous studies [2]. This study confirms the possibility of creating 2-D strain rate maps from InSAR
data and also shows that InSAR observations can constrain velocity and strain maps with respect to
GPS data.

We inverted the slip rate and fault depth using a screw dislocation model. Our preferred model
implies a left-lateral displacement rate across the ATF of 8.0 ˘ 0.7 mm/year and 14.5 ˘ 3 km locking
depth. The locking depth was not as well constrained as the other geodetic inversion results [14].
We note that the slip rate is in good agreement with GPS measurements of 9 ˘ 4 mm/year [17] almost
1˝ east of our study area. It is also consistent with InSAR results of 11 ˘ 5 mm/year estimated from
ERS data [16]. Similar to other geodetic measurements [15–17,68], we also identified the asymmetric
deformation pattern between the two sides of the fault. The possible mechanisms to explain this
interseismic velocity asymmetry maybe a variation of the elastic crustal thickness from rheological
contrast on two sides of the ATF [68] or variation in fault dip angle.

Our results differ significantly from slip rates determined by geological methods
(27 ˘ 7 mm/year; [18]) based on detailed measurements of different geomorphic terrace riser offsets
using radiocarbon and cosmic ray dating. The discrepancy between these two methods could be
due to the different time scales if both methods have no errors or slip rates vary with time like faults
in Southern California [69]. Cowie et al. reported earlier that fault slip rates can vary in time or
along strike the fault, both due to clustering or quiescence periods of the fault activity or due to long
term effects [70,71]. Roberts et al. showed the first example of such fault slip rate variability from
active faults [72]. Burchfiel et al. [73] suggested that whether the geodetically observed slip rates
recorded over the last 5–10 years agree or are representative to the longer-term geologically derived
slip rates is debetable. Indeed there are several examples where such a discrepancy occurs between
geological and geodetic rates in several settings worldwide (e.g., Papanikolaou et al. [74]; Kenner and
Simons, [75]) However, some geological authors suggest a low slip rate of the ATF that is consistent
with our results. Yin et al. [76] derived an average rate of 9 ˘ 2 mm/year since 49 Ma. This significant
difference was reconciled by geologic [77] and recent geodetic [17] data, which both agree on a slip
rate of 9.0 ˘ 4.0 mm/year. As Cog will et al. [77,78] argued that the apparent discrepancy in slip rate
along this fault might result more from systematic biases in geomorphic reconstructions rather than
from true secular variation in slip rate.

Our consistent low slip rates along the fault are in consistent with the historical seismicity in
this region. Only two great historical earthquakes have occurred along the ATF, both in 1924 west of
85˝E [79,80]. In fact, contemporary instrumental recordings also show a low level of seismicity along
the ATF. Paleoseismo logical studies suggest recurrence intervals of major earthquakes in the range
of 700 ˘ 400 and 1100 ˘ 300 years for offsets of 4 and 7 m, respectively, consistent with a slip rate of
~10 mm/year [79,81,82].

Elliott et al. [16] measured the interseismic slip rate of the ATF using a stacking method with
one single descending track of ERS data (1993–2000); their slip rate estimate was 11 ˘ 5 mm/year
with significant uncertainty. Here, we used the InSAR TS + AEM method with 7 years (2003–2010)
of ENVISAT ASAR data and both ascending and descending tracks; our slip rate estimate was
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8.0 ˘ 0.7 mm/year. Our results are in agreement with results of Elliott et al. from ERS data [16] and
GPS measurements (9 ˘ 4 mm/year; [17]). We used the same track ENVISAT ASAR data as [16] with
an additional two years of descending track data and five years of ascending track data. The difference
in slip rates between our study and Elliott et al. [16] is probably a result of time-varying slip rate
or stacking method assumptions that the atmospheric effect was normally distributed. However,
because the topographic variation across the ATF is large, maybe it is not appropriate to assume
normal distribution atmospheric errors. We had to remove any topography-correlated atmospheric
errors. This study again demonstrates the importance of atmospheric and orbital corrections in InSAR
time series processing. We determined our slip rate from 216 interferograms, while they used only 66
interferograms, which possibly cannot constrain the InSAR slip rate as well. Additionally, because we
used ascending and descending track data, we were able to calculate the velocity parallel to the ATF
as well as vertical velocity from two observing geometries and thus remove the projection of vertical
deformation velocity from the LOS velocity. Elliott et al. [16] simply ignored the vertical velocity whose
contributions are subtracted from the InSAR observations in our study, so their result was a little
higher than ours. It is likely our calculated velocity is closer to the real velocity. We were also able to
reduce the range of uncertainty for both slip rate and locking depth using two look directions of data
because we used both descending and ascending track data, in comparison to the results of [16] that
are based on descending track data only. This improvement demonstrates the importance of using
SAR data from two look directions for interseismic studies.

It is worth noting that we simplify the model by disregarding deformation produced by the other
possible surrounding secondary faults in the study area. The real tectonic setting is definitely more
complex than the simple model we have used in this study. The reasons we used this simple model are
that reliable SAR data near the fault were not available, which may be insufficient for a distributed slip
inversion in this case; and the fault-normal and vertical deformations across the ATF are relative less
with respect the strike slip [1,2,14,15]. Our results may include contributions of surrounding secondary
faults or other mechanisms like the shrinkage or expansion of clay minerals, or even excessive water
pumping or significant seasonal variations of the water table. In addition, our SAR data covered only
seven years, the low temporal resolution results prevent us from extracting the varying history of
fault slip rate and locking depth. Our SAR data covered only a segment of the whole ATF, we assume
that our results from SAR data can represent the first-order deformation characteristics of the ATF.
The detailed deformation needs further geodetic or geological study.

In Figure 7a, we have shown the vertical component of the interpolated LOS velocity obtained
from two tracks of SAR data. If we assumed that the Tarim basin is static, then the south part across the
ATF is uplifting with respect to the Tarim basin with nearly 3 mm/year velocity in agreements with
Bendickand coworkers’ [14] and England and Molnar’s [1] results. England and Molnar [1] estimated
a shortening rate of 6 ˘ 4 mm/year across the central section of the ATF. Bendick et al. [14] reported a
contraction rate of 3 ˘ 1 mm/year across the same section. Chen et al. [83] estimated 5 ˘ 2 mm/year
across the east section at ~95˝E. Shen et al. [15] estimate 0 ˘ 2 mm/year convergence across the central
Altyn Tagh system, which indicates strongly that north-south shortening across the ATF is negligible.
Also, geologic mapping along the NATF by Cog will et al. [84] suggested that it is mostly a left slip
fault with only minor compression.

Previous geodetic results based on GPS [14,17,79] and InSAR [16,68] data suggested a slip rate
of~10 mm/year at different points across the ATF. Our interseismic strain accumulation profiles across
the ATF are in good agreement with these previous GPS measurements and InSAR results. The slip
rates and locking depth for the ATF estimated from both GPS and InSAR studies and from geological
studies [77,78] are also consistent with our results. This consistency indicates that the ATF played only
a secondary role in the northeastward extrusion of material in the Tibetan Plateau [79], with most of
the extrusion occurring in the interior of the plateau. Therefore, our results are close to the continuum
models of Asian deformation requiring low fault slip rates [2,85].

25



Remote Sens. 2016, 8, 233

5. Conclusions

Using a multi-scale wavelet method, we calculated the strain rate fields of the ATF region
and determined that the strain was mainly localized along the fault, which is generally consistent
with previous studies. We also show that high-resolution 2-D strain rate fields can be determined
from InSAR data alone, especially in regions with spatially sparse GPS data. Based on the orbital
ramp and atmospheric effect correction, we inverted the slip rate and locking depth using a screw
dislocation model with ascending and descending track ENVISAT data. We performed the inversions
for single track data and jointly. Our joint inversion result indicates that the ATF has a slip rate of
8.0 ˘ 0.7 mm/year and locking depth of 14.5 ˘ 3 km. The joint inversion slip rate is a little slower
than the single track inversion because of vertical deformation in the inversion. Our results are more
accurate than those of Elliott et al. [16] owing to a greater number of observations in our study and
the fact that we accounted for the vertical deformation in the inversion process. This study shows the
importance of using both descending and ascending data in interseismic InSAR studies. As a result
of the more frequent data acquisition from satellite missions, such as Sentinel-1A, ALOS-2 and the
upcoming Sentinel-1B, similar studies will become increasingly common. The relative low slip rate
indicates that the ATF does not transfer a significant part of the convergence between India and Asia
into the northeastward extrusion of the Tibetan Plateau [76], and the deformation pattern is close to
the continuum deformation models [2].
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Abstract: The 28 August 2009 Mw 6.3 Dachaidan (DCD) earthquake occurred at the Qaidam Basin’s
northern side. To explain its postseismic deformation time series, the method of modeling them with
a combination model of afterslip and viscoelastic relaxation is improved to simultaneously assess
the time-dependent afterslip and the viscosity. The coseismic slip model in the layered model is first
inverted, showing a slip pattern close to that in the elastic half-space. The postseismic deformation
time series can be explained by the combination model, with a total root mean square (RMS) misfit of
0.37 cm. The preferred time-dependent afterslip mainly occurs at a depth from the surface to about
9.1 km underground and increases with time, indicating that afterslip will continue after 28 July 2010.
By 334 days after the main shock, the moment released by the afterslip is 0.91 ˆ 1018 N¨m (Mw 5.94),
approximately 24.3% of that released by the coseismic slip. The preferred lower bound of the viscosity
beneath the Qaidam Basin’s northern side is 1 ˆ 1019 Pa¨s, close to that beneath its southern side. This
result also indicates that the viscosity structure beneath the Tibet Plateau may vary laterally.

Keywords: afterslip; the 2009 Dachaidan earthquake; viscosity; the Qaidam Basin; postseismic
deformation; InSAR

1. Introduction

On 28 August 2009, an Mw 6.3 earthquake occurred at the Dachaidan (DCD) district, Qinghai
province in China [1–4]. About ten months before this event, another Mw 6.3 event occurred at
almost the same location (Figure 1). The two events threaten human beings moderately. The related
rupturing faults are part of the northern fold-and-thrust belts of the Qaidam Basin, which has a strike of
northwestern-west (NWW) to southeastern-east (SEE) and divides the northeastern margin of the Tibet
Plateau into the Qaidam block and the Qilianshan block [5,6]. This zone has the tectonic characteristics
of significant uplift in the geologic history [5,6]. However, because of the complex topography and
the arduous working environment, the related observations and explanations are not yet sufficient, in
particular for the zone around this event. Previous studies suggested that the occurrence of earthquake
can present an opportunity to explore the earthquake behaviors and rheological properties of the
regional lithosphere materials [7–18].
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Geodetic observations of surface deformation related to the active fault can be used to characterize
the behaviors of the earthquake cycle [19]. During the interseismic phase, Global Positioning System
(GPS) observations of crustal strain within the Tibet Plateau suggested that the fault belts around
the 2009 event are characterized by the thrust movement along vertical direction and the left-lateral
movement along horizontal direction [20]. During the coseismic phase, Interferometric Synthetic
Aperture Radar (InSAR) observations of surface deformation and the elastic dislocation model
inversion using both uniform and distributed slip models indicated that the 2008 event ruptured
the lower half of the brittle seismogenic layer, while the 2009 event ruptured the upper half [1,3,21].
During the postseismic phase, InSAR deformation time series for the first 334 days after the 2009
event displayed that the postseismic deformation changes from fast to slow with time, and has a
similar spatial pattern with the coseismic deformation [22,23]. On the geophysical interpretation of the
postseismic deformation, Feng [22] modeled it using the postseismic afterslip model only.
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Figure 1. Tectonics associated with the 2009 Mw 6.3 DCD earthquake. The bottom-left and bottom-right
insets show the location of the main figure, respectively. The light blue rectangle is the spatial extent
of the Envisat Advanced Synthetic Aperture Radar (ASAR) descending Track 319 images, with AZI
and LOS referring to satellite azimuth and look directions. The focal mechanisms of the 2008 and 2009
events are from United States Geological Survey (USGS) [4]. The two purple rectangles are the surface
projections of the main fault rupturing zones during the 2008 and 2009 events [3,21]. The black and
yellow hollow circles are the aftershocks of the 2008 and 2009 events, respectively [4]. The purple and
black lines are the active faults from Peltzer and Saucier [24] and Deng et al. [5], respectively.
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Three postseismic deformation mechanisms, alone or mixed, have been proposed to interpret
the observed movements after an earthquake event, including poroelastic rebound, afterslip, and
viscoelastic relaxation. InSAR observations have been successfully used to constrain the possible
geophysical mechanisms of some earthquake cases [15,16,25–32]. The mechanism of poroelastic
rebound usually influences the postseismic deformation within a few kilometers to fault ruptures
in a short period of time, whereas the other two mechanisms can generate postseismic deformation
with a similar spatial pattern in the first few years [11,33]. However, the relative significance of the
viscoelastic relaxation always increases with time, and the afterslip is usually contrary with it [11,16].
With these results, in this study we will interpret the observed postseismic deformation time series of
the 2009 Mw 6.3 DCD earthquake with the combination model of afterslip and viscoelastic relaxation,
along with comparisons of afterslips derived from the pure afterslip and the combination models.

Slip models are essential for interpreting postseismic deformation with the model of viscoelastic
relaxation and the combination model of afterslip and viscoelastic relaxation [11,28,32]. When modeling
with the combination model, previous studies usually considered the viscoelastic relaxation due to
coseismic slip only, and neglected that due to the accumulated afterslip [16,28–30,32]. Recent study by
Diao et al. [33] adopted a method which can consider the viscoelastic relaxation due to coseismic slip
and the accumulated afterslip. In Diao et al. [33], coseismic slip and the accumulated afterslip estimated
by pure afterslip model were directly employed as the driving force sources of viscoelastic relaxation.
This means that Diao et al. [33] assessed afterslip and viscoelastic relaxation separately, first the afterslip
and then the viscoelastic relaxation. With such a processing method, the input accumulated afterslip
model may be not very reasonable because the afterslip and the viscoelastic relaxation processes
are interactional during the postseismic phase. Therefore, it is necessary to carry out researches on
simultaneously estimating the afterslip and viscoelastic relaxation parameter (viscosity).

In this study, we mainly focus on four items, including (1) improving the method in Diao et al. [33]
to estimate the time-dependent afterslip distribution and the viscosity simultaneously; (2) modeling the
InSAR deformation time series following the 2009 Mw 6.3 DCD earthquake in Liu et al. [23]; (3) seeking
the dominant mechanisms responsible for postseismic deformation; and (4) finally investigating the
viscosity beneath the northern side of the Qaidam Basin.

2. Data and Layered Model

2.1. Data

Investigating the postseismic deformation process requires the use of data from geodetic
observations [7,34]. GPS data has been proven as an effective observation to accurately constrain the
postseismic process due to its high horizontal precision and time resolution [35–37]. Unfortunately, for
this event, according to Chen et al. [38], there are not enough GPS observations around the earthquake
zone. The nearest station is approximately 40 km far away from the epicenter, making it unavailable to
use GPS observation to do the following modeling. Meanwhile, InSAR data has also been confirmed as
an alternative observation to investigate the postseismic process due to its high vertical precision and
spatial resolution [15,16,25–32]. Feng [22] and Liu et al. [23] have derived the postseismic deformation
time series. In this study, we prefer to use the observations from Liu et al. [23] because it includes one
more SAR image than Feng [22], and has more observations in the near-field region.

The deformation time series in Liu et al. [23] are derived by processing the C-band Envisat ASAR
descending Track 319 images with a small baseline subset InSAR technique, and include eight time
epochs (Table 1). These epochs correspond to 19 days, 54 days, 124 days, 194 days, 229 days, 264 days,
299 days, and 334 days after the main shock, respectively. The derived InSAR deformation time series
during the first 334 days after the event change from fast to slow with time, and display a smaller
displacement for the footwall than that for the hanging wall, where the deformation decreases from
the middle to both sides (Figure 2).
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Figure 2. (a–d) Observed postseismic deformation time series at the first four time epochs of InSAR
observations [23]; (e–h) modeled postseismic deformation time series from the combination model of
afterslip and viscoelastic relaxation; and (i–l) residual deformation time series by subtracting (e–h)
from (a–d); (m–x) are for the last four time epochs of InSAR observations [23]. The dates and days after
the 2009 Mw 6.3 DCD earthquake are labeled at the top-right of subfigures (a–d) and (m–p). XCD is
the abbreviated form of Xiaochaidan. Positive and negative values indicate motions toward and away
from the satellite in the line-of-sight (LOS) direction, respectively.

According to Liu et al. [23], the spatial pattern of the postseismic deformation is similar with that
of the coseismic deformation. This may indicate that an underground fault is processing during
the postseismic phase similar to that during the coseismic phase. In other words, postseismic
afterslip may occur with similar fault geometry and slip distribution as coseismic slip. Meanwhile,
the correlation coefficient of 0.73 indicates that the postseismic afterslip may have a different slip
distribution, and/or that the other types of postseismic deformation mechanisms may occur. After
analyzing the three mechanisms described above, in this study mechanisms of afterslip and viscoelastic
relaxation are considered, and their behaviors will be investigated by the modeling experiments in the
following content.
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Table 1. Observation data used in this study.

Date No. Date T a (Days) Alpha b (km) Sigma c (cm) RMS d (cm) Statistic Value e (cm)

1 16 September 2009 19 4.72 0.07 0.07

0.31/0.37

2 21 October 2009 54 4.72 0.20 0.19
3 30 December 2009 124 4.72 0.36 0.36
4 10 March 2010 194 4.24 0.36 0.40
5 14 April 2010 229 4.40 0.35 0.41
6 19 May 2010 264 4.84 0.34 0.42
7 23 June 2010 299 5.56 0.37 0.44
8 28 July 2010 334 6.12 0.46 0.47
a Days after the 2009 DCD earthquake; b The spatial length of observation errors calculated with 1-D covariance
function [39]; c The standard deviation of observation errors calculated with 1-D covariance function [39];
d The root mean square (RMS) misfit calculated by the combination model of afterslip and viscoelastic relaxation;
e The values before and after slash are the average standard deviation and the total RMS misfit, respectively.

2.2. Layered Model

It is well known that a layered model is needed to interpret the postseismic deformation with
mechanisms related to viscoelastic relaxation [28–32]. In addition, the input coseismic slip, which is
considered as a driving force source of viscoelastic relaxation, should also be obtained in the layered
model. Previous studies using seismic wave data have constructed some layered models.

An et al. [40] adopted records from 27 fundamental stations located in China and three stations
located in Islamabad (Pakistan), Kabul (Afghanistan), and New Delhi (India) to image the 3-D shear
velocity structure in Northwestern China. According to An et al. [40], the Qaidam Basin zone has an
average S wave velocity of about 3.55 km/s in the 56-kilometer-thick crust and can be divided into
four structural layers: the first one has an S wave velocity of 3.00 km/s at the upper 8 km depth, the
second one 3.65 km/s at the depth from 8 km down to 18 km, the third one a low-velocity zone at a
thick layer, and the fourth one 3.85–3.90 km/s at a thin layer. By referring to this layered model and
a series of repeated tests, Liu et al. [41,42] constructed a slightly different structure model including
four layers: from top to bottom, a 2.5-kilometer-thick layer with an S wave velocity of 3.15 km/s,
a 5-kilometer-thick layer with an S wave velocity of 3.51 km/s, a 15-kilometer-thick layer with an
S wave velocity of 3.63 km/s, and a 10-kilometer-thick layer with an S wave velocity of 3.69 km/s.
With this layered model, Liu et al. [41,42] successfully derived the focal mechanism solutions of
98 aftershocks of the 2008 Mw 6.3 DCD earthquake, and relocated the aftershock sequences of the
2009 Mw 6.3 DCD earthquake.

Based on these previous studies, a three-layered model is constructed in this study (Table 2).
The thickness of the top layer is 8 km with an S wave velocity of 3.00 km/s, the middle one 15 km with
an S wave velocity of 3.65 km/s, and the bottom one infinite with an S wave velocity of 3.50 km/s. The
corresponding P wave velocities are calculated by assuming the Poisson’s ratio equal to 0.25 [43], and
the related densities are determined by using the empirical relationship between P wave velocity and
density [44]. It should be noted that the parameter of viscosity can be meaningful only in the modeling
of the postseismic deformation time series.

Table 2. Layered model used in this study.

Layer No. Thickness (km) Vp (km/s) Vs (km/s) Density (kg/m3) Viscosity (Pa¨s)

1 8 5.19 3.00 2430.8 N/A
2 15 6.31 3.65 2790.6 N/A
3 Infinite 6.06 3.50 2707.6 Variable

3. Modeling Method

In the modeling, the observed postseismic deformation time series are considered to relate to
two mechanisms, postseismic afterslip and viscoelastic relaxation, where the viscoelastic relaxation
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is driven by both coseismic slip and the accumulated afterslip. This modeling method has been
adopted to interpret the postseismic deformation observation following the earthquake, such as the
2011 Mw 9.0 Tohoku earthquake [33]. Meanwhile, Diao et al. [33] indicated that when investigating
the postseismic process, it is necessary to consider the viscoelastic relaxation due to the accumulated
afterslip. However, Diao et al. [33] assessed afterslip and viscoelastic relaxation separately, which will
be improved to simultaneously estimate these two types of parameters.

The optimization problem for the modeling method can be expressed as:

‖ Gsi
post ´

´
li ´ Fi

´
sco, s1

post, ¨ ¨ ¨ , si´1
post, η

¯
q ‖ 2 ` β2H

´
si

post

¯
“ min (1)

where G is Green’s function, si
post is the postseismic afterslip at the i-th time epoch, li is the postseismic

deformation observation at the i-th time epoch, Fi is the surface deformation produced by viscoelastic
relaxation at the i-th time epoch, which is driven by the coseismic slip and the accumulated afterslip,
sco is the coseismic slip, s1

post, ¨ ¨ ¨ , si´1
post are the postseismic afterslips at the 1-th, ¨ ¨ ¨ , i–1-th epoch times,

η is the regional viscosity, β2 is the smoothing factor, and H is the second-order Laplacian operator
across the fault plane, which is used to avoid the unreasonable slip oscillation [39].

In Equation (1), coseismic slip, afterslip and viscosity are unknown parameters to be optimized.
The Green’s function related to afterslip is calculated with the EDGRN/EDCMP software (GFZ,
Potsdam, Germany) [45], and the surface deformation produced by viscoelastic relaxation is calculated
with the PSGRN/PSCMP software (GFZ, Potsdam, Germany) [46]. The viscosity is assumed to
be constant during the observed time period. This assumption is accordant with the practices of
modeling postseismic deformation of the 2008 M 6.4 and M 5.9 Nima-Gaize earthquakes, the 2008 Mw
6.3 Dangxiong earthquake, and the 2011 Mw 9.0 Tohoku earthquake [29,32,33], and is also proved to
be reasonable by the following modeling experiments (Section 5).

The practical calculations mainly consist of four steps (Figure 3). In step 1, the postseismic
viscoelastic relaxation deformation with different viscosities are simulated with the given coseismic
slip distribution, the postseismic afterslip time series, the viscosity models, and so on. The input
postseismic afterslip time series at the i-th time epoch are those estimated from the modeling with the
same viscosity at the 1-th, . . . , i ´ 1-th time epochs. In step 2, the differential postseismic deformation
is calculated by subtracting the postseismic viscoelastic relaxation deformation in step 1 from the
observed postseismic deformation. In step 3, with the differential postseismic deformation in step 2,
the postseismic afterslip distribution is estimated using the steepest descent method [47], which has
been proved as an effective technique to estimate the coseismic slip and postseismic afterslip [33,48].
In step 4, the trade-off curve between the viscosity and RMS misfit error for the combined observations
at all-time epochs is plotted to choose the preferred viscosity, and then the optimal postseismic afterslip
time series are determined as those derived with the preferred viscosity.

The advantage of this method is that the afterslip and the viscosity can be estimated
simultaneously, compared to most of the existing studies [16,28–32]. This method is also slightly
different from that in Diao et al. [33], in which these two types of unknown parameters are
estimated separately, first the afterslip distribution and then the viscosity. The separate estimation in
Diao et al. [33] might ignore the effect of viscoelastic relaxation on the afterslip distribution, because the
input postseismic afterslip time series are directly estimated from modeling postseismic deformation
with afterslip only.

During the calculation, the layered model (Table 2) is used to calculate all the postseismic
deformation time series of the 2009 Mw 6.3 DCD earthquake. For the viscoelastic relaxation, the
part beneath the seismogenic layer is globally considered as a viscoelastic half-space of a Maxwell-type
body, and the viscosities are varied from 1 ˆ 1017 Pa¨s to 1 ˆ 1022 Pa¨s with an index increased by
one each time to simulate the viscoelastic relaxation deformation. For the afterslip, the fault geometry
is fixed as that derived by Liu et al. [3], and the fault plane is discretized into patches with a size of
1-km length by 1-km width to estimate the afterslip distribution. After modeling for the eight time
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epochs with all possible viscosities and plotting the trade-off curve between the viscosity and RMS
misfit error, the preferred viscosity is chosen when the RMS misfit begins to stabilize. It should be
noted that in order to better display the trade-off curve, the RMS misfit is plotted against the log value
of the viscosity instead of the viscosity.

 

Figure 3. Flowchart of modeling postseismic deformation time series with a combination model of
afterslip and viscoelastic relaxation. Both coseismic slip and the accumulated afterslip models occurring
before the current time epoch are used to drive the viscoelastic relaxation.

4. Coseismic Slip in the Layered Model

When modeling the postseismic deformation time series with mechanisms related to the
viscoelastic relaxation, coseismic slip is provided as the driving force source and then be thought
as one key input parameter [28–31]. Therefore, a coseismic slip model that matches the postseismic
process should be acquired. To achieve this, the dislocation Green’s function should be calculated with
the layered model instead of the elastic half-space [32], and the adopted observation dataset should be
obtained in the shortest possible time after the earthquake.

Figure 4a shows the coseismic surface displacements for the 2009 Mw 6.3 DCD earthquake derived
from two Envisat ASAR descending Track 319 images, which were observed on 14 January 2009 and
16 September 2009, respectively. The interferometric processing was done by using the ROI_PAC
software (Caltech/JPL, Pasadena, CA, USA) [49], and the detailed data processing procedures can
be found in Liu et al. [23]. The estimation method of coseismic slip distribution is close to that of
modeling postseismic deformation with afterslip, with the difference that the postseismic deformation
observation is replaced with the coseismic deformation.

Figure 5a,b show the derived coseismic slip distribution and uncertainties in the layered model.
The uncertainties refer to the standard deviations in slip estimated from the Monte Carlo calculations
with 100 perturbed datasets [3,50]. The fault rupturing model is characterized by three slip asperities,
which are located at three fault segments, separately. The maximum slip is about 2.41 m, which
is located at the central segment. The slips of three fault segments are mainly located at a depth
from 2.5 km to 8.2 km, and are dominated by thrust motion. The estimated geodetic moment is
3.75 ˆ 1018 N¨m, equaling to a magnitude of Mw 6.35. The slip uncertainties range from 0 m to 0.12 m,
and most of them are less than 0.08 m. For the main slipping fault patches, the uncertainties are
obviously less than the corresponding slips, indicating that the slip model in Figure 5a is reliable.
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Figure 4. (a) Observed coseismic displacements for the 2009 Mw 6.3 DCD earthquake from two Envisat
ASAR descending Track 319 images; (b) modeled displacements from the coseismic slip distribution in
the layered model; and (c) residual displacements. Three rectangles in subfigure (a) indicate the surface
projections of the fault geometry model. XCD is the abbreviated form of Xiaochaidan. Positive and
negative values indicate motions toward and away from the satellite in the LOS direction, respectively.

 

Figure 5. (a) Coseismic slip distribution of the 2009 DCD earthquake in the layered model; and (b) slip
uncertainties estimated from the Monte Carlo calculation with 100 perturbed datasets. Green arrows in
(a) indicate the slip direction on the corresponding fault patch.

The slip pattern in Figure 5a is generally consistent with that from the homogeneous half-space
model [3]. Both models are dominated by thrust motion, have three slip asperities, and show no distinct
slip for the upper three rows of fault patches. The maximum slips for the layered and homogeneous
models are 2.41 m and 2.44 m, and are both located at a depth between 4.1 km and 4.9 km. Although
the pattern and magnitude of these two slip models are very close, we still argue that the model
derived from the layered model is a more realistic slip distribution, and adopt it as the driving force
source when modeling the observed postseismic deformation time series.

Figure 4b,c show the modeled and residual displacements from the coseismic slip distribution in
the layered model. The observed and modeled displacements have a similar deformation pattern, with
a decreasing trend from the main deformation zone to both eastern and western sides. The residual
displacement shows no distinct deformation zone. These facts indicate that the slip model in Figure 5a
can better interpret the observed coseismic surface deformation.

5. Time-Dependent Afterslip and Viscosity

5.1. Time-Dependent Afterslip

Using the modeling method (Section 3) and the observed postseismic deformation time series
(Figure 2), the preferred time-dependent afterslip distribution and the viscosity can be estimated
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simultaneously. Figure 6 shows the temporal and spatial distribution of postseismic afterslip at the
eight time epochs of InSAR observations, ranging from 19 days to 334 days after the main shock.

The temporal and spatial features of the postseismic afterslip in Figure 6 are analyzed as follows.
On the whole, the afterslip shows continuity and its magnitude increases with time. By 21 October 2009,
54 days after the main shock, the afterslip mainly occurs on the central and eastern segments, and
two separate slip zones exist on the central segment. By 30 December 2009, 124 days after the main
shock, for the western segments, afterslip begins to occur on the deep patches; for the central segment,
afterslip has a trend of extending to the upper zone, the two separate slip zones are almost connected
together, and some afterslip begins to occur on the upper-right zone; for the eastern segment, afterslip
also has a trend of extending to the upper zone. From 10 March 2010 to 19 May 2010, afterslip for each
segment increases with time, and the upper-right slip zone gradually merges into the main bottom-left
slip zone for the central segment. From that time until 28 July 2010, 334 days after the main shock, the
slip pattern across all fault segments is stable, and its magnitude still increases with time.

The postseismic afterslip distribution 334 days after the main shock (Figure 6h) is then analyzed.
It has a complex pattern, with a maximum of 0.302 m slip located at the central segment. For the western
segment, the afterslip is dominated by thrust motion with a slight left-lateral strike-slip component;
For the central segment, the afterslip is dominated by thrust motion with some right-lateral strike-slip
component, except that the main deep slipping zone has a slight left-lateral strike-slip component; For
the eastern segment, the afterslip is dominated by thrust motion with some right-lateral strike-slip
component. The moment released by the afterslip is 0.91 ˆ 1018 N¨m, which is about 24.3% of the main
shock and equals to a magnitude of Mw 5.94. This ratio is consistent with previous findings [28,32,51].

The afterslip in Figure 6 is then compared with that in Feng [22]. The significant afterslip zone at
a depth of about 3–9 km can be both resolved by the two results, although there exist some differences.
The afterslip in this study indicates an upper-right slip zone on the central segment, which was not
detected by Feng [22]. However, Feng [22] indicated a slip zone at depths larger than 10 km, which was
not found in this study. The maximum afterslip detected by this study is 0.302 m, which differs from
that from Feng [22] by about 0.5 m. The released moment is 0.91 ˆ 1018 N¨m, which is about one times
less than that from Feng [22]. The reason for these differences may be that the two studies have adopted
different datasets and inversion methods to do the modeling of postseismic deformation observations.

The uncertainties for the afterslip models on each date are estimated from the Monte Carlo
calculations with 100 perturbed datasets, respectively (Figure 7) [3,50]. The spatial features of afterslip
uncertainties are also complex, with larger values mostly located at the deeper zone. This is consistent
with that in Bie et al. [32], which investigated the errors of the postseismic afterslip time series of the
2008 Mw 6.3 Dangxiong earthquake using the same method. The uncertainty time series for each time
epochs are obviously less than the corresponding afterslip time series, and the maximum uncertainty
of 0.072 m is about three times less than that of the afterslip, indicating that the afterslip distribution
time series are reliable in both temporal and spatial features. It is noted that the afterslip time series
uncertainties do not show a trend of increasing with time.

The resolution test demonstrates that the input slip model, which has a slip pattern similar to the
main slip (larger than 40% of its maximum afterslip) zone in Figure 6h, can be generally well resolved
(Figure 8), indicating the afterslip in Figure 6 are spatially reliable. The slip patches in the fault plane at
shallower depth are recovered better than those at deeper depth. The reason for this may be the lower
spatial resolution in the fault plane at deeper depth for geodetic inversions, as has been demonstrated
by other studies [32,50].
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Figure 6. (a–h) Temporal and spatial distribution of postseismic afterslip, corresponding successively
to the eight time epochs of InSAR observations. The characters labeled in all subfigures are the
corresponding observation dates. Green arrows in all subfigures indicate the slip direction on the
corresponding fault patch.
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Figure 7. (a–h) Corresponding uncertainties for the afterslip models in Figure 6. These uncertainties
for each date are estimated from the Monte Carlo calculation with 100 perturbed datasets, respectively.

41



Remote Sens. 2016, 8, 649

Figure 8. Resolution test. (a) Input slip model; and (b) recovered slip model. The input model in (a)
has a slip pattern similar to the main slip (larger than 40% of its maximum afterslip) zone in Figure 6h.

5.2. Viscosity

Figure 9 shows the relationship curve between the log viscosity and the RMS misfit for the
combined observations at the eight time epochs. It is clear that the RMS misfit decreases rapidly from
0.72 cm to 0.40 cm and then to 0.37 cm when the viscosity increases from 1 ˆ 1017 Pa¨s to 1 ˆ 1018 Pa¨s
and then to 1 ˆ 1019 Pa¨s, and that the RMS misfit almost converges to a constant (0.37 cm) after the
viscosity increasing to 1 ˆ 1019 Pa¨s. This RMS misfit is slightly larger than the average standard
deviation (0.31 cm) of the eight postseismic deformation time series (Table 1).

 
Figure 9. Relationship curve between the log viscosity and the RMS misfit for the combined
observations at the eight time epochs. The blue hollow star denotes the preferred lower bound of the
viscosity, 1 ˆ 1019 Pa¨s. Beyond this value the RMS misfit nearly no longer changes with viscosity.

The changing characteristic between RMS misfit and viscosity in Figure 9 is similar to those
obtained by Ryder et al. [29] and Bie et al. [32], which modeled the postseismic InSAR deformation
time series of the 2008 M 6.4 and M 5.9 Nima-Gaize earthquakes and the 2008 Mw 6.3 Dangxiong
earthquake with a combined model of afterslip and viscoelastic relaxation in a Maxwell half-space.
In Ryder et al. [29], the viscosity less than which the RMS misfit residual will increase rapidly is viewed
as the lower bound on the Maxwell viscosity. Therefore, for this study the lower bound on the Maxwell
viscosity is 1 ˆ 1019 Pa¨s.

Figure 10 shows the relationship curves between the log viscosity and the RMS misfit for the
eight time epochs of postseismic deformation observations, separately. It is clear that for all of the
time epochs, beyond the preferred lower bound of the viscosity (1 ˆ 1019 Pa¨s) in Figure 9, the RMS
misfits almost no longer change with viscosity. This fact potentially indicates that the viscosity does
not change significantly during the first 334 days after the main shock. This is inconsistent with the
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result from Ryder et al. [28], which modeled the postseismic displacement time series following the
1997 Mw 7.6 Manyi earthquake, and suggested that the viscosity may change with time during the first
about three years. The possible reason is that the observing time period in this study is about two times
shorter than that in Ryder et al. [28]. If observations with longer periods of time are available, whether
the viscosity beneath the 2009 Mw 6.3 DCD earthquake zone changes with time, may be confirmed.

 

Figure 10. (a–h) Relationship curves between the log viscosity and the RMS misfit for the eight time
epochs of postseismic deformation observations. For all of the time epochs, beyond the preferred lower
bound of the viscosity in Figure 9, the RMS misfits almost no longer change with viscosity.

The RMS misfits for the eight postseismic deformation observations are 0.07 cm, 0.19 cm, 0.36 cm,
0.40 cm, 0.41 cm, 0.42 cm, 0.44 cm, and 0.47 cm, respectively. These values are in close agreement
with the corresponding standard deviations of the observed deformation (Table 1). Figure 2 shows
the modeled and residual displacements time series derived from the preferred combination model
of afterslip (Figure 6) and viscoelastic relaxation (a viscosity of 1 ˆ 1019 Pa¨s). It is clear that the
combination model can well explain the observed postseismic deformation time series. For all eight
time epochs, the surface uplift along LOS direction can be clearly seen across the hanging wall and
has an increasing trend with time, and no significant deformation can be found across the footwall.
In addition, the predicted deformation time series across the hanging wall display the spatial features
of decreasing from the central to both sides. These temporal and spatial features are consistent with
those in the observed deformation time series.

6. Discussion

6.1. Comparison of Inversion Results from Different Methods

To investigate the effect of neglecting viscoelastic relaxation due to the accumulated afterslip on the
estimations of the postseismic moment release and the viscosity, the observed postseismic deformation
time series were also modeled with afterslip and viscoelastic relaxation driven by coseismic slip only,
named as Method 2 in Table 3. Here, the method of modeling with afterslip and viscoelastic relaxation
due to both coseismic slip and accumulated afterslip, which is adopted and analyzed above, is named
as Method 1. During the modeling, all of the parameters are configured as those in Method 1, with
the exception that the viscoelastic relaxation deformation is only driven by the coseismic slip, but not
the accumulated postseismic afterslip. With this method, the RMS misfit for all eight observations is
consistent with that from Method 1 at the sub-millimeter level. The temporal and spatial distributions
of the derived postseismic afterslip are very similar to those derived from Method 1. By 28 July 2010,
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334 days after the main shock, the maximum slip, also located at the central segment, is 0.298 m, which
is slightly smaller than that (0.302 m) from Method 1; the moment released by postseismic afterslip
is 9.02 ˆ 1017 N¨m, which is equal to an Mw of 5.937, compared to a moment of 9.07 ˆ 1017 N¨m
and an Mw of 5.938 from Method 1. The preferred lower bound of the viscosity is 1 ˆ 1019 Pa¨s,
which is consistent with that from Method 1. In addition, the RMS misfit almost becomes stable after
the viscosity increasing to 1 ˆ 1019. These similarities of the results between Methods 1 and 2 may
be mainly related to the magnitudes of the accumulated postseismic afterslip. If the afterslip of the
2009 Mw 6.3 DCD earthquake can have a comparable magnitude to that (a maximum afterslip of 3.8 m
564 days after the main shock ) of the 2011 Mw 9.0 Tohoku earthquake, then the effect of visocoelastic
relaxation driven by the accumulated afterslip can be significant [33].

Table 3. Statistics of inversion results from different methods.

Method Maximum Slip a (m) Moment a (1016 N¨m) Mw a Viscosity (Pa¨s)

1 0.302 90.68 5.938 1 ˆ 1019

2 0.298 90.22 5.937 1 ˆ 1019

3 0.274 87.26 5.927 N/A
a Values for 28 July 2010, 334 days after the main shock.

To investigate the effect of neglecting the viscoelastic relaxation due to both coseismic slip and
accumulated afterslip on the estimations of the moment released by postseismic afterslip, the observed
postseismic deformation time series were also modeled with afterslip only, named as Method 3 in
Table 3. During the modeling, all the parameters are configured as those in Method 1, with the
exception that the viscoelastic relaxtion deformation due to the coseismic slip and the accumulated
postseismic afterslip is ignored. With this method, the RMS misfit for all eight observations is consistent
with those from Methods 1 and 2 at the sub-millimeter level. The temporal and spatial distributions
of the derived postseismic afterslip resemble those from Method 1 (Figure 6), but some differences
still exist. By 28 July 2010, 334 days after the main shock, the maximum slip, also located at the
central segment, is 0.274 m, which is 0.028 m smaller than that from Method 1; the moment released
by postseismic afterslip is 8.73 ˆ 1017 N¨m (Mw 5.927), which is 0.34 ˆ 1017 N¨m smaller than that
from Method 1. Likewise, Wen et al. [11] investigated the postseismic deformation of the 2001 Mw
7.8 Kokoxili earthquake, and found that the maximum slip for the preferred combination model is
0.57 m, close to that from the afterslip model. These similarities of the results between Methods 1 and 3
may be mainly related to the length of postseismic observation time period. If postseismic deformation
observations of tens, or even hundreds, of years are available, then the differences of results between
Methods 1 and 3 would be obviously identified. In which case, the differences of results between
Methods 1 and 2 would also be recognized.

A comparison of inversion results among three methods indicates that the effect of coseismic slip
on the afterslip estimations is larger than that of the accumulated afterslip. 334 days after the main
shock, the maximum afterslip and moment release for Method 2 are only 0.004 m and 0.05 ˆ 1017 N¨m
less than those from Method 1, compared to 0.028 m and 0.34 ˆ 1017 N¨m for Method 3. This is to
be expected because the maximum afterslip 334 days after the main shock is only about 12.5% of the
maximum coseismic slip.

6.2. Depth of Afterslip for the 2009 DCD Earthquake

Previous postseismic afterslip studies showed that the afterslip can occur at a depth comparable
to the coseismic slip, and/or at a shallower depth, and/or below the coseismic rupture [11,52,53].
The different depths may reveal the frictional heterogeneities in and around the coseismic rupturing
zone [33,51].

The analysis of postseismic deformation time series for the 2009 Mw 6.3 DCD earthquake indicates
that the afterslip mainly occurs at a depth of about 0–9.1 km, rather than being limited to the very
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shallow upper crust. In comparison with the depth (about 2.5–8.2 km) of coseismic slip derived with
the layered model (Section 4), the afterslip may extend from the coseismic slip zone to the shallower
and deeper depths, respectively. In addition, during the observed period, the significant afterslip on a
more deeper down-dip extension (larger than 9.1 km) of the coseismic slip can be ruled out, due to
that the 2008 Mw 6.3 DCD earthquake mainly occurred at a depth of about 9.5–24.5 km [1,3]. This is
consistent with the results of Pollitz et al. [54], which argued that the significant deep afterslip was not
the dominant modes of postseismic deformation at the time scales of about one year.

Depths of afterslip for some earthquakes in the Tibet Plateau have been investigated [11,28,29,32].
For the 2008 M 6.4 and M 5.9 Nima-Gaize earthquakes and the 2008 Mw 6.3 Dangxiong earthquake,
the estimated afterslips mainly occurred at the comparable depth and the up-dip extension depth of
coseismic slip [29,32]. For the 1997 Mw 7.6 Manyi earthquake and the 2001 Mw 7.8 Kokoxili earthquake,
the estimated afterslips mainly occurred at the comparable depth and the down-dip extension depth
of the coseismic slip [11,28]. The depths of afterslip for these earthquakes in the Tibet Plateau are
inconsistent with each other. The reason for this may be related to the different frictional properties of
materials beneath each earthquake, or the different time scales of postseismic observations.

6.3. Viscosity Structure Beneath the Qaidam Basin

The viscosity structure beneath the Tibet Plateau has been investigated by modeling other
types of observations [55–60]. When interpreting the role of the viscosity structure in shaping the
present-day topography of the Tibet Plateau, the results suggested that the viscosities range from
1016 to 1020 Pa¨s [55–57]. When interpreting the role of the viscosity structure in producing the surface
GPS velocity field in the India-Asia collision zone and the Northern Tibet Plateau, the results indicated
that the viscosities range from 1018 to 1020 Pa¨s [58,59]. When explaining the horizontality of palaeolake
shorelines in the central Tibet Plateau, the results suggested that the viscosity of the middle to lower
crust is at least 1019–1020 Pa¨s [60]. These studies demonstrated that the viscosity structure beneath the
Tibet Plateau may vary.

Postseismic deformation observations can provide another way of quantitating the regional
viscosity structure with better accuracy [16]. In the Tibet Plateau, several studies have investigated
the regional viscosity with postseismic deformation. Ryder et al. [28,29] analyzed the postseismic
InSAR deformation of the 1997 Mw 7.6 Manyi earthquake and the 2008 M 6.4 and M 5.9 Nima-Gaize
earthquakes, and inferred the effective viscosities of about 3–10 ˆ 1018 Pa¨s and 3 ˆ 1017 Pa¨s beneath
the earthquake zones, respectively. Zhang et al. [61] modeled the postseismic leveling observations of
the 1973 Luhuo Mw 7.9 earthquake and inferred the viscosities between 1019 Pa¨s and 1021 Pa¨s beneath
the earthquake zone. Ryder et al. [30] and Wen et al. [11] modeled the postseismic InSAR and/or GPS
time series of the 2001 Mw 7.8 Kokoxili earthquake and obtained the steady-state viscosities between
1 ˆ 1019 Pa¨s and 2 ˆ 1019 Pa¨s below the earthquake zone. The differences between them might be
related to the different time periods and observations used for modeling. With the postseismic GPS
observations of the 2008 Mw 7.9 Wenchuan earthquake, Xu et al. [12] found that the viscosity beneath
the earthquake zone is larger than 3 ˆ 1018 Pa¨s. By fitting the postseismic InSAR observations of
the 2008 Mw 6.3 Dangxiong earthquake, Bie et al. [32] argued a viscosity of 1 ˆ 1018 Pa¨s below the
earthquake zone.

The 2009 Mw 6.3 DCD earthquake is located at the northern side of the Qaidam Basin (Figure 1),
and in this study the preferred lower bound of the viscosity beneath this event is 1 ˆ 1019 Pa¨s. This
value is consistent with those derived from the postseismic deformation of the 2001 Mw 7.8 Kokoxili
earthquake [11,30]. It is known that these two earthquakes are located on the northern and southern
sides of the Qaidam Basin, respectively. The consistency between the viscosities derived from the
postseismic deformation observations of the two earthquakes potentially proves their reliabilities.

The derived viscosity in this study differs one or two orders of magnitude from those estimated
from the postseismic deformation of the 2008 M 6.4 and M 5.9 Nima-Gaize earthquakes, the 2008 Mw
7.9 Wenchuan earthquake, and the 2008 Mw 6.3 Dangxiong earthquake [12,29,32]. These events
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are located on the different parts of the Tibet Plateau, compared to the 2009 Mw 6.3 DCD event.
This inconsistency may be related to their relative positions in the Tibet Plateau. In addition, from
another side, this fact potentially validates that the viscosity structure beneath the Tibet Plateau may
vary laterally.

7. Conclusions

On 28 August 2009, an Mw 6.3 DCD earthquake occurred at the northern side of the Qaidam Basin.
We modified a method of modeling the postseismic deformation time series with the combination
model of afterslip and viscoelastic relaxation, and then can simultaneously estimate the time-dependent
afterslip distribution and the viscosity beneath the earthquake zone. To obtain a more rational driving
force source of viscoelastic relaxation, we invert for a coseismic slip model in the layered model, which
gives a slip pattern with a maximum slip of 2.41 m comparable to that in the elastic half-space model.
With the postseismic deformation observations, we investigate the time-dependent afterslip of the
2009 Mw 6.3 DCD earthquake and the viscosity beneath the northern side of the Qaidam Basin.

The combination model of afterslip and viscoelastic relaxation can interpret the observed
postseismic InSAR time series, with a total RMS misfit of 0.37 cm comparable to the average uncertainty
of all of the observations. The preferred time-dependent afterslip shows continuity and increases
with time, which is mainly located at a depth from the surface to about 9.1 km underground.
The changing trend of the moment released by afterslip indicates that the postseismic afterslip is
likely to continue 334 days after the main shock. By 28 July 2010, the moment released by the
afterslip was 0.91 ˆ 1018 N¨m, about 24.3% of the main shock, and equaled a magnitude of Mw 5.94.
The simultaneously estimated lower bound of the viscosity beneath the northern side of the Qaidam
Basin is 1 ˆ 1019 Pa¨s, close to that beneath the southern side of the Qaidam Basin. This viscosity differs
from those beneath other parts of the Tibet Plateau potentially indicates that the viscosity structure
beneath the Tibet Plateau may vary laterally.
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Abstract: In this study, we mapped the co-seismic deformation of the 2015 Mw 8.3 Illapel, Chile
earthquake with multiple Sentinel-1A TOPS data frames from both ascending and descending
geometries. To meet the requirement of very high co-registration precision, an improved spectral
diversity method was proposed to correct the co-registration slope error in the azimuth direction
induced by multiple Sentinel-1A TOPS data frames. All phase jumps that appear in the conventional
processing method have been corrected after applying the proposed method. The 2D deformation
fields in the east-west and vertical directions are also resolved by combing D-InSAR and Offset
Tracking measurements. The results reveal that the east-west component dominated the 2D
displacement, where up to 2 m displacement towards the west was measured in the coastal area.
Vertical deformations ranging between ´0.25 and 0.25 m were found. The 2D displacements imply
the collision of the Nazca plate squeezed the coast, which shows good accordance with the geological
background of the region.

Keywords: Illapel Earthquake; Sentinel-1A; spectral diversity; InSAR; 2D deformation

1. Introduction

On 16 September 2015, an earthquake of Mw 8.3 [1] occurred 48 km from the west of Illapel,
Chile, causing extensive damages to the area and leading to a large tsunami [2]. In this earthquake,
at least 15 people died, 34 people injured, and tens of thousands of people became homeless. A total
of 13 aftershocks ě Mw 6.0 soon afterwards occurred within 200 kilometers around the epicenter [1].
Chile is in one of the most earthquake-prone regions in the world and has been attacked by more
than a dozen of quakes ě Mw 8.0 (see Figure 1) since 1900. The Nazca plate is moving at an average
velocity of 74 mm/year east-northeast, and subducting beneath the continent at the Peru-Chile Trench
of the South American plate [3]. The 2015 Mw 8.3 Illapel earthquake occurred as the result of thrust
faulting on the interface between the Nazca and South American plates in central Chile [1,4]. The
USGS report [4] shows that the epicenter of this event locates at 31.57˝S, 71.654˝W with a focal depth
of about 25 km, and its dimension is typically about 230 ˆ 100 km (length ˆ width).

Currently, few geodesy measurements (such as GPS, spirit leveling) are available for scientists
to further study this event. Thanks to a new generation of SAR systems, such as the Sentinel-1A
(S1A) [5,6] equipped with the Terrain Observation by Progressive Scans (TOPS) [7], the continent-wide
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Interferometric Synthetic Aperture Radar (InSAR) measurements becomes possible. Previous
studies [8–12] have demonstrated the capability and great potential of S1A TOPS in ground surface
deformation monitoring. In contrast to the conventional strip-map or ScanSAR data, multiple
consecutive S1A TOPS frames (defined by ESA, where one zip file of S1A TOPS data distributed in
Scihub [13] denotes a single frame) can generate long seamless strip data which is 250 km wide. Thus, it
extremely benefits the study of large continent-wide event, such as the 2015 Mw 8.3 Illapel earthquake.

The S1A TOPS, as a new mode of InSAR, also has some key technical issues that need further
study, especially for co-registering multiple S1A TOPS data frames. The Doppler Centroid of TOPS SAR
data varies strongly along tracks, so a co-registration accuracy of at least 0.001 SLC pixel is required
to eliminate the effect [7]. Currently, the Spectral Diversity (SD) [14] method and the enhanced SD
(ESD) [15], implemented in GAMMA [16] or GMTSAR [17], could perform well for a single frame data
case, but cannot resolve the problem of co-registering multiple S1A TOPS data frames well.

In this study, we firstly proposed an improved Spectral Diversity (ISD) method to co-register the
multiple S1A TOPS Interferometric Wide Swath (IWS) data frames. We then map the co-seismic LOS
deformation associated with the 2015 Mw 8.3 Illapel earthquake using both ascending and descending
S1A data and the methods of D-InSAR and Offset Tracking, respectively. Subsequently, the D-InSAR
and Offset Tracking measurements are assessed in terms of precision and used together to retrieve the
east-west and vertical co-seismic deformations of this earthquake. Finally, we discussed implications
of ISD co-registration method and co-seismic measurements, as well as the potential contribution of
the S1A data to further continent-wide event studies.

 

Figure 1. Tectonic settings of the 2015 Mw 8.3 Illapel earthquake and SAR data coverage. The main
shock is presented by the yellow star. (a) shows earthquakes occurred along the interface between
the Nazca and the South American plates (USGS, 2015a) since 1900. Red stars and dark purple dots
represent earthquakes ěMw 8.0 and <Mw 8.0, respectively; (b) shows the topography of the area
marked by black rectangle in (a) and the aftershocks occurred between 17 September 2015 and 1 October
2015. Red dots and dark purple dots represent earthquakes ěMw 6.0 and <Mw 6.0, respectively. The
coverage of the S1A images is shown by blue rectangles. One rectangle denotes one S1A frame. The
red line denotes the plate boundaries.
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2. ISD Method for Co-Registering Multiple S1A TOPS Frames

2.1. ISD Method

Compared with the conventional strip-map InSAR, the TOPS mode InSAR has difficulty in
azimuth co-registration due to a strong azimuth-variant Doppler centroid [7]. The interferometric
phase bias caused by the Doppler centroid induced azimuth mis-registration (or azimuth offset) can be
expressed as [7,18]:

φ “ 2π ¨ fDC ¨ dazi{PRF, (1)

where fDC is the Doppler centroid of the target point, dazi is the azimuth co-registration error, and PRF
is the Pulse Repetition Frequency of focused SLC data. We should note that fDC varies linearly within
a TOPS burst in the along-track dimension. Thus, a constant dazi will produce a series of azimuth
phase ramps imposed onto an interferogram, resulting in phase discontinuity (or phase jump) on the
burst interface [19].

To suppress the phase jump at burst overlap to ˘1.5˝, a co-registration accuracy of at least
0.001 SLC pixel is required [7,14]. Currently, an overall mis-registration error is usually corrected
with constant azimuth offset dazi (see Equation (1)) based on the method of SD [18] or ESD [14].
For a single S1A IWS frame [13], which contains three sub-swaths and in each sub-swath there are
typically nine burst, the number of burst is small (about 3 ˆ (9 ´ 1) = 24 of burst overlaps), and these
conventional methods can work well. However, conventional methods with a constant correction
would be ineffective in the case of multiple consecutive S1A TOPS frames [20], because large variations
of the Doppler centroid will result in considerable variations of azimuth mis-registration (or azimuth
offset) for long imaging duration. More importantly, obvious phase jump would also occur on overlap
area between burst, especially at the ends of the long data taken. In order to address this problem, an
improved Spectral Diversity method is proposed in this study. Rather than treating dazi as a constant,
the new method compensates the variation of the azimuth mis-registration by a linear model:

dazi “ d0
azi ` k ¨ t, (2)

where d0
azi is the intercept, k is the change rate of azimuth mis-registration error, and t is the acquisition

time difference between the current and the first SLC line. By substituting Equation (2) into Equation (1),
one gets:

φ ¨ s “ d0
azi ` k ¨ t, (3)

where s “ PRF
2π¨ fDC

is a scale factor converting phase to SLC azimuth offset. Given N observations (N is
the quantity of burst overlaps) we get a linear system in matrix form:

L “ B ¨ x, (4)

where x “ rd0
azi, ksT is the unknown vector, and B is the design matrix:

B “
»—– 1 t1

...
...

1 tN

fiffifl .

The observation vector L “ rL1, L2, ¨ ¨ ¨ , LNsT , where Li “ φi ¨ si pi “ 1, ¨ ¨ ¨ , Nq is the azimuth
offset of the i-th burst overlap, with φi being the average of the phase differences of the current and
the next burst interferogram of the i-th burst overlap and si “ PRF

2π¨ f i
DC

being the scale factor of i-th

burst overlap.
When N > 2, Equation (4) becomes over-determined problem. To resolve the parameters x, we use

an iterative weighted least square estimator [21–23], to account for possible gross error in observation
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vector L. When the estimation of x was obtained, the azimuth co-registration error for each azimuth
line could be calculated by Equation (2) and used to refine the SLC resample look-up table in S1A
TOPS SLC co-registration, which will be discussed in next section.

2.2. Procedure of S1A TOPS SLC Co-Registration with ISD

To meet the requirement and to counteract the topographic effect, the co-registration of wide-swath
SLC images of S1A TOPS SLC [16] generally involves a sequentially DEM-assisted method (Step 1),
conventional Cross-Correlation (CC) (Step 2) method, and a SD method (Step 3). Our ISD method
can be easily embedded into the S1A SLC co-registration procedure for multiple S1A TOPS frames.
Figure 2 shows the flow chart of the SLC co-registration, and the three key steps are summarized
as follows.

‚ Step 1: initial co-registration. Estimate initial SLC images offset and set up SLC resampling
look-up table [24] with orbital state vectors and an external DEM, e.g., SRTM DEM, and resample
the slave SLC into master imaging geometry.

‚ Step 2: co-registration by the CC method. Determine the image offsets between master and the
resampled slave SLC from Step 1 by the CC method, and use the image offsets to refine the
look-up table. The original slave SLC is, again, resampled into master imaging geometry.

‚ Step 3: co-registration by ISD method. Calculate the mean phase differences of all bursts overlaps
between the master and the resampled slave SLC from Step 2. Then the constant azimuth offset
d0

azi and the change rate k are resolved by ISD method. The look-up table is refined with an
azimuth offset calculated from Equation (2) and the estimated parameters and, finally, output the
resampled slave SLC using the ultimately-refined look-up table.

 

Figure 2. Flowchart of S1A TOPS SLC co-registration. The procedure of S1A co-registration is somewhat
like a 3ˆ iteration, which gradually improves the accuracy of SLC co-registration.

3. Data Processing

Ascending and descending tracks S1A data are used in this study (see Figure 1b). The details
of the SAR data are shown in Table 1. The methods of Differential InSAR (D-InSAR) and Offset
tracking will be exploited to estimate the Light of Sight (LOS) deformations. Finally, 2-D co-seismic
displacement fields of this event will be derived.
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Table 1. Information of SAR data.

Acquisition Date Orbit Direction Track No. of Frame No. of Total Burst BK (m)

24 August 2015 Ascending 18 2 36 1 = 2 ˆ 2 ˆ 9
7017 September 2015 Ascending 18 2 36 = 2 ˆ 2 ˆ 9

26 August 2015 Descending 156 3 84 = 3 ˆ 2 ˆ 9 ´11619 September 2015 Descending 156 3 84 = 3 ˆ 2 ˆ 9
1 No. of Total Burst = No. of Frame ˆ No. of Sub-Swath per Frame ˆ No. of Burst per Sub-Swath.

3.1. Co-Registering Multiple Frames of S1A TOPS Data

The SAR co-registration follows the steps in Section 2.2. The 90 m SRTM DEM (v4.1) is used to
estimate the initial look-up table [24] and remove the topographic phase. Thanks to the precise
orbital state vector [6], an accuracy of a few pixels could be achieved [16] in the preliminary
co-registration using orbital information. Then, the CC method is used to estimate the image offsets
from evenly-distributed 64 ˆ 192 (range ˆ azimuth) tie-points with matching windows size of
128 ˆ 256 (range ˆ azimuth) pixels. All offsets are used to fit an offset polynomial that will subsequently
be used to refine the look-up table. Due to limited accuracy of the CC method (~1/32 pixel) [25,26],
the required co-registration accuracy of 0.001 SLC pixel could still not be achieved (see Table 2).
Therefore, azimuth offset estimation with the proposed ISD is required for multiple S1A TOPS frames
co-registration. We firstly calculated the observation vector L, the azimuth co-registration error, from
each burst overlap. For descending data, three sub-swathes contain a number of (3 ˆ (27 ´ 1) = 84)
burst overlaps. Since some burst overlaps situate in low coherent area (average coherence < 0.75),
such as sea or vegetation areas, 69 valid burst overlaps are used to fit the azimuth co-registration error.
For ascending data, sub-swath 1 is located in the sea area, which is discarded directly. Sub-swathes 2
and 3 provide a total of 34 burst overlaps for fitting the azimuth co-registration error. The final fitted
linear models are, respectively, ddes

azi “ 0.01320 ´ 2.1698 ˆ 10´4 ¨ t and dasc
azi “ 0.01477 ` 1.772 ˆ 10´4 ¨ t

for descending and ascending tracks. The fitting results are also shown in Figure 3e. The azimuth
co-registration accuracy with ISD is listed in Table 2, indicating that an accuracy of 0.001 SLC pixel has
been achieved. Then the SLC resampling look-up table is refined by the fitted linear model. Finally,
the slave SLC is precisely co-registered to the master SLC.

Table 2. SLC co-registration accuracies.

Interferometric Pair
CC Method ISD Method

Azimuth (Pixel) Range (Pixel) Azimuth (Pixel) Range (Pixel)

24 August 2015–17
September 2015 0.1170 0.0516 0.00104 —

26 August 2015–19
September 2015 0.0827 0.0425 0.00095 —

To demonstrate the effectiveness of our ISD method, the datasets are also co-registered with SD
method implemented in GAMMA [16]. From comparisons in Figure 3a–d, we can see that obvious
phase jumps still exist in the interferogram by the conventional SD method.

54



Remote Sens. 2016, 8, 376

Figure 3. Comparison of the co-registration results by SD and ISD method. (a) Differential
interferogram in the descending track co-registered by the SD method; (b) differential interferogram in
the descending track co-registered by the ISD method; (c) enlarged view of the rectangle area marked
by c in (a); (d) enlarged view of the rectangle area marked by d in (b); (e) variation of the azimuth
co-registration error and its linear fitting. Black arrows in (a) and (c) mark the locations of phase jump;
the solid green triangle, solid and dashed green line in (e) denote the samples of burst overlap azimuth
offset, the fitted azimuth offset adopted by, the constant offset adopted by SD for the descending track,
containing three S1A TOPS IWS frames with a number of 84 burst overlaps; the solid blue circles, solid
and dashed blue lines in (e) represent the counterparts for the ascending track, containing two S1A
TOPS IWS frames with 51 burst overlaps.

3.2. D-InSAR and Offset Tracking Processing

The TOPS D-InSAR processing, somewhat like traditional D-InSAR procedures [27], can be
conducted after the SLC co-registration. As the Doppler centroid variations are different within
bursts, we do not apply the azimuth common band filter in the interferogram [16]. The topographic
phase is removed with 90 m SRTM, thus generating the differential interferogram, and multi-looking
factors of 20 ˆ 4 (range ˆ azimuth) is applied to set the output result with a resolution of about
50 ˆ 50 m. The improved adaptive phase noise filter [28] is utilized to smooth the interferogram.
Subsequently, the smoothed interferogram is unwrapped by network programming-based phase
unwrapping method [29]. Low coherent area (coherence ď 0.75) is masked out in the phase unwrapping
process. Eventually, the LOS deformations from both the ascending and descending tracks are obtained
(see Figure 4a,b).
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Figure 4. Co-seismic deformation of the earthquake. (a) and (b) are the D-InSAR LOS deformations
from ascending and descending geometries, respectively. A positive sign means the ground moves
towards the sensor; (c) east-west deformation. (+: towards east); (d) and (e) are the LOS deformations
determined by Offset Tracking; (f) vertical deformation (+: Up). The yellow star indicates the location
of the main shock. The red line denotes the boundary of the Nazca and South American plates; the
inner figure in (d) shows the deformation profiles by D-InSAR and Offset Tracking along section A–B
for comparisons, and the inner figure in (e) shows that of the profiles along section C-D.

Apart from the D-InSAR measurements, the Offset Tracking [19] measurements in the slant range
and azimuth direction are also achieved by conventional CC method [25] using the co-registered
SLC images. The sliding step size of offset estimate window is set to be 20 ˆ 4 (range ˆ azimuth)
pixels to generate the same resolution result with D-InSAR. To reduce the noise, center weighted
median filter [30] with a window size of 11 ˆ 11 (range ˆ azimuth) is employed to smooth the offset
measurement, in which the correlation coefficient of the matching windows is used as the weight
factor. From our offset tracking measurement implementation, we find that the azimuth deformation is
difficult to be detected. This is also confirmed by Multiple-Aperture Interferometry (MAI) technology,
whose expected accuracy for S1A TOPS IWS data is about 27 cm [25]. Thus, we do not use the
azimuth offset measurements in our further study. The range offset measurements for ascending and
descending orbits are shown in Figure 4d,e.
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3.3. Precision Assessment and 2-D Displacement Retrieval

The precisions of both D-InSAR and Offset Tracking measurements are assessed by evaluating the
local standard deviations (STDs) on sliding window with a size of about 1 ˆ 1 km pixel-by-pixel [31].
The linear trend is fitted and subtracted from the sliding window to get stationary signals for calculating
the STDs. The local STDs maps of the measurements from D-InSAR and Offset Tracking in the slant
range are shown in Figure S1, which will be used as the weight factor to derive the 2D displacement of
this earthquake.

Theoretically, three dimensional (3D) deformations [32] could be resolved with LOS and
along-track measurements from two or more viewing geometries [33,34]. However, the north-south
direction displacement is insensitive in D-InSAR measurements in general, and beyond the detectability
of S1A TOPS IWS data in this earthquake in particular [25]. Thus, the north-south deformation
is compromisingly neglected in this study. The unit projection vector of LOS deformation for
ascending and descending orbits are Sasc “ rse, sn, susT “ r´0.607, ´0.170, 0.755sTand Sdes “
rse, sn, susT “ r0.608, ´0.168, 0.776sT , respectively. By assuming the north-south deformation is null
and exploiting the projection vectors Sasc and Sdes to establish observation equation, two dimensional
(2D) deformations, i.e., east-west and up=down (or vertical) are derived by combing the D-InSAR
and Offset Tracking measurements from ascending and descending orbits [35]. We acknowledge that
neglecting the north-south deformation will induce errors in the east-west and vertical deformation
estimation, but for the Illapel earthquake it might be very slim, because the azimuth deformation itself
is very small. The final 2D deformations are shown in Figure 4c,f.

4. Results

We got the co-seismic LOS deformations and the 2-D, i.e., east-west and vertical displacements
with the elaborated data processing strategy presented in previous section. Figure 4a,d show the
co-seismic LOS deformations extracted by D-InSAR and Range Offset Tracking with descending track
InSAR data, and Figure 4b,e are the co-seismic LOS deformations with ascending track InSAR data.
Due to the effect of decorrelation, there are still some areas along the Andes Mountains that has been
masked out.

Comparing the D-InSAR and the Offset Tracking measurements, we can find that they have the
same LOS deformation pattern and the same deformation magnitude, showing remarkably good
agreement between each other. To make more detailed comparisons, the profiles along A-B and C-D are
displayed as insets in Figure 4d,e. These results illustrate quite good consistency in the LOS D-InSAR
and Offset Tracking measurements for S1A TOPS mode data. Comparing the D-InSAR measurements
from both descending and ascending track, we can see that they have quite a similar deformation
pattern, which implies that the horizontal displacement dominates the ground deformation; we can
also see that most of the deformation with large magnitude locates on the upper part along profile
A-B near the coast in descending track, while it is opposite in ascending track, implying that obvious
vertical displacement has occurred and the upper part sank and the lower part uplifted.

Figure 4c shows the east-west displacement, where up to 2 m and towards the west occurred in
the coastal area. Vertical displacement (Figure 4f) associated with the ground uplift and subsidence
ranging between [´0.25, 0.25] m is also detected. It should be noted that east-west and vertical
displacements are only calculated over the common area of all measurements (Figure 4a,b,d,e), which
ensures that there are redundant observations for alleviating the effect of atmospheric [36] in the 2-D
deformation inversion.

5. Discussion

To improve the accuracy of co-registering multiple S1A TOPS data frames, an ISD method is
proposed and embedded into the S1A SLC co-registration procedure. Comparing with the conventional
SD or ESD methods, the ISD method is more suitable for multiple S1A TOPS data frames co-registration
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by compensating the variation of azimuth co-registration error using a linear model. However, some
issues shall be carefully settled to ensure the accuracy of ISD. Firstly, similar to the SD or ESD methods,
the ISD method is subject to small azimuth offset measuring. The prerequisite for using ISD method is
that the azimuth offset should be within ˘0.75 SLC pixels [19] Therefore, the azimuth offset shall firstly
be truncated to this limit by other methods before applying the ISD method, e.g., the conventional CC
method. Secondly, as shown in Equations (1) and (2), the observation, i.e., azimuth co-registration error
dazi on each burst overlap, relates linearly to the phase offset φ. To obtain a high coherent phase offset,
the burst overlap’s phase difference of subsequent bursts shall be multi-looked with a large factor,
e.g., 100 ˆ 4 (range ˆ azimuth) pixels and, subsequently, be filtered to reduce phase noise [28,31].
The multi-looking factor depends on the phase quality, and we found that a factor of 100 ˆ 4 is
empirically enough. Additionally, it should be noted that the north-south deformation would cause an
azimuth offset [15] too, which will superimpose on the normal azimuth co-registration error. If only a
part of burst overlaps have north-south deformation, our ISD method would automatically exclude
those observations by an iterative weighted least square estimator [21], as those observations possibly
manifest as gross errors with respect to the normal azimuth offset observations. Furthermore, given
the prior information we could also manually remove the observations contaminated by north-south
deformation, and the final ISD accuracy would be improved in such a situation.

The 2015 Mw 8.3 Illapel earthquake occurred on the interface between the Nazca and South
American plates (see Figure 1). The co-seismic deformation of this earthquake is mapped with
S1A TOPS data in this study. Comparing our results with those obtained by the European Space
Agency’s Project on Sentinel-1 INSAR Performance Study with TOPS Data [37], we found that ours are
continuous and clear, while their D-InSAR interferograms still have obvious phase jumps, similar to
the results in Figure 3c, for both ascending and descending tracks. Affecting by the discontinuities
of the D-InSAR measurements, their decomposed vertical displacement has considerable leap. All
of these errors would provide false information for the interpretation of earthquake mechanism. On
the contrary, there are no phase jumps in our results (see Figure 4a,b). In addition to the D-InSAR
measurements, we also extract the Offset Tracking measurements in the LOS direction. Both D-InSAR
and Offset Tracking LOS measurements show good consistency (see Figure 4a,b,d,e). This confirms
that the SLC images have been precisely co-registered by our ISD method. In addition, we have
derived the 2-D deformations from the LOS D-InSAR and Offset Tracking measurements. The results
show that the coastal area moved westwards by up to 2 m, and the vertical displacement (see Figure 4f)
associated with ground uplift and subsidence ranging between [´0.25, 0.25] m has also been detected.
Additionally, by measuring the deformation area, we also found the dimension of the event is consistent
with the result from USGS [4]. Additionally, the 2-D displacements, a recent study [38] has tried to
recover the 3-D displacements of the event, in which they use the along-track interferometry [38] to
measure the azimuth deformation. By comparing them, we found that our results are in line with
theirs. However, the along-track measuring [38] can only be applied to the burst overlap region, which
occupies only about 15% of the whole frame. While, for the non-burst overlap region, occupying about
85% of the frame, interpolation processes must be implemented, which will, of course, induce errors.

Chile is prone to earthquakes that have caused severe destruction in the past century. The Nazca
plate moves to the east-northeast at a varying rate (approximately 80–65 mm/year from north to
south) relative to a fixed South American plate, resulting in complex geologic processes along the
Nazca subduction zone [1]. At the latitude of the 2015 Mw 8.3 Illapel earthquake, many massive
earthquakes have occurred, including the 2010 Mw 8.8 Maule earthquake in central Chile [3,39]. The
2D results show that the coastal area has moved westwards by up to 2 m accompanying with a
little vertical deformation. This implies the collision of the Nazca plate squeezed the coast and the
east-west displacement dominating the co-seismic deformation. The result is in good accordance with
the geological background of the region. All those measurements would benefit for the geophysical
parameters inversion of the 2015 Mw 8.3 Illapel earthquake.
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S1A satellite is now in normal on-orbit operation. As the first SAR satellite of Sentinel-1
constellation, S1A systematically acquires SAR image over land area with a revisit of 12 days in Europe
and 24 days for other regions [40]. S1A is controlled to follow an orbital tube of 100 m radius [41],
which guarantees short spatial perpendicular baseline. These two merits reduce the decorrelation,
which has been demonstrated in previous studies [27]. As a C-band SAR system, S1A also has a limited
detectable deformation gradient capability with D-InSAR technology [42]. However, the increasing
slant range resolution (up to 2 m) enhances the detectability along the slant range with the SAR Offset
Tracking method, and makes it a good supplement for D-InSAR measurement. Additionally, the S1A
acquires data with a wide swath (250 kilometer wide for IWS mode), which would be more favorable
to study continent-wide event than the conventional SAR satellite (<100 km), like the ENVISAT and
the ALOS. The advantages of S1A for large earthquake study have been presented in this work. The
advent of S1A will boost geo-hazard monitoring and crisis management [43,44].

6. Conclusions

In this study, we mapped the co-seismic deformation of the 2015 Mw 8.3 Illapel earthquake using
multiple S1A TOPS frames data. In order to achieve a co-registration accuracy of 0.001 pixel, we
proposed an ISD method by compensating the variation of azimuth co-registration error in the azimuth
direction with a linear model, and successfully embedded it into the S1A TOPS SLC co-registration
procedure. The co-registration results of the Illapel earthquake demonstrate that our ISD method can be
used for co-registering multiple frames of S1A TOPS data, which will be beneficial for continent-wide
event study with S1A TOPS data.

The co-seismic LOS deformation of the Illapel earthquake is measured by both the D-InSAR and
the Offset Tracking method. Comparing the D-InSAR and the Range Offset measurements, we found
that they are consistent with each other, which reveals the enhanced range deformation detectability
of S1A TOPS data. Thus, the range offset tracking can act as a good supplement for D-InSAR in the
situation where interferometric phases are turned to be decorrelated because of large displacement.
The 2D deformations (east-west and vertical directions) are also resolved based on the D-InSAR and
Offset Tracking LOS measurements. Results show that the coastal area has moved westward by up to
2 m, and the vertical deformation varies between [´0.25, 0.25] m, implying the collision of the Nazca
plate squeezed the coast.

Supplementary Materials: The following are available online at www.mdpi.com/2072-4292/8/5/376/s1,
Figure S1: Local standard deviations of LOS measurements.
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Abstract: On 16 September 2015, a Mw 8.3 interplate thrust earthquake ruptured offshore the
Illapel region (Chile). Here, we perform coseismic slip fault modeling based on multi-orbit Sentinel
1-A (S1A) data. To do this, we generate ascending and descending S1A interferograms, whose
combination allows us to retrieve the EW and vertical components of deformation. In particular,
the EW displacement map highlights a westward displacement of about 210 cm, while the vertical
map shows an uplift of about 25 cm along the coast, surrounded by a subsidence of about 20 cm.
Following this analysis, we jointly invert the multi-orbit S1A interferograms by using an analytical
approach to search for the coseismic fault parameters and related slip values. Most of the slip occurs
northwest of the epicenter, with a maximum located in the shallowest 20 km. Finally, we refine our
modeling approach by exploiting the Finite Element method, which allows us to take geological
and structural complexities into account to simulate the slip along the slab curvature, the von Mises
stress distribution, and the principal stress axes orientation. The von Mises stress distribution shows
a close similarity to the depth distribution of the aftershock hypocenters. Likewise, the maximum
principal stress orientation highlights a compressive regime in correspondence of the deeper portion
of the slab and an extensional regime at its shallower segment; these findings are supported by
seismological data.

Keywords: Illapel (Chile) earthquake; Sentinel 1-A; DInSAR; fault slip analytical model; 2D Finite
Element model

1. Introduction

On 16 September 2015, at 22:54 UTC, an earthquake of Mw 8.3, at a depth of 25 km, occurred off
the coast of Central Chile in Coquimbo area. The epicenter, located 46 km west of Illapel city (Figure 1),
shook buildings in the capital city of Santiago and generated a tsunami that caused flooding in some
coastal areas, such as the coastal town of Coquimbo, NW of Illapel, which were hit by waves up to
11 m high after the earthquake [1]. It has been estimated that more than 27,000 people were exposed to
severe shaking from this earthquake [USGS PAGER].

The focal mechanism relevant to the main shock, calculated by USGS [2], indicates a N 4˝ striking
sub-horizontal thrust fault. This rupture mechanism is in accordance with the convergence of the Nazca
plate toward South American plate at an overall rate of about 6.6 cm/yr [1] (Figure 1). In the first hours,
after the main shock event, there were 17 aftershocks in the same area with the strongest one having
Mw 7.2 (16 September, 23:18 UTC); most of these aftershocks reveal the same rupture mechanism.
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Figure 1. Map of seismicity in the Illapel region reporting the earthquakes from 30 August to
19 September 2015, with M > 4 (red circles): the epicenter of the main shock is outlined with the
yellow star, and its focal mechanism is also represented. Yellow dots show the past most energetic
earthquakes of the area. The solid green line indicates the trench axis position, while the green arrow
shows the direction of motion of the Nazca Plate towards the South American Plate [3]. The upper
right inset shows the location of the epicentral area.

The main event is categorized as an interplate subduction earthquake, localized at the interface
between the subducting Nazca and overriding South American plates, supported also by a shallow
depth (<50 km) and a nodal plane dipping with a low angle to the East. The South American subduction
zone hosted a significant number of large earthquakes that provide details on strain accumulation and
release during the earthquake cycle; another key feature of this tectonic setting is the trench-parallel
variation in overriding plate shortening, which is maximum in the center and progressively decreases
to the North and South [3]. Since 1900, numerous M 7 or larger earthquakes have occurred in this
subduction zone (see Figure 1).

We remark that the 2015 Illapel earthquake occurs within the rupture zone of the 1943 M 8.1 seismic
event. Since then, after many years of quiescence, the seismic activity of this plate interface suddenly
increased in 1997; indeed, 7 events with M > 6 occurred between July 1997 and January 1998 along this
shallow dipping subduction zone [4]. During this period, the rupture zone followed a cascade pattern
propagating toward the location of the 15 October 1997 M 7.1 earthquake, which occurred at a depth
of 68 km [5].

Recently, based on teleseismic data, Ye et al. [6] found that the Illapel earthquake occurred on
a bilateral along-strike rupture zone with a larger slip north-northwest of the epicenter, with a peak
slip of 7–10 m [6]; Tilmann et al. [7] determined a comprehensive rupture model through the inversion
of seismic, GPS, and Sentinel 1-A (S1A) descending data; Melgar et al. [1] resolved a kinematic slip

63



Remote Sens. 2016, 8, 323

model by using GPS, strong motion and S1A descending and ascending data and jointly analyzed
them with teleseismic backprojection. Grandin et al. [8] retrieved the full 3D displacement field by
using S1A ascending and descending data, by jointly exploiting the surface deformation measurements
components in the across image and the along-track satellite direction, retrieved through the DInSAR
and Multiple Aperture Insar (MAI) techniques, respectively.

In this work, a detailed coseismic slip fault model is presented, obtained by taking advantage
of the wide spatial coverage and reduced revisit time offered by multi-orbit S1A data, as well as of
the high-accuracy measurement capability of the DInSAR technique. In particular, we proceed taking
the following three steps: (1) we generate two S1A interferograms for both ascending and descending
orbits, respectively, encompassing the main shock, in order to combine the displacements along the
satellite Line Of Sight (LOS) for retrieving the EW and vertical components of deformation; (2) we
jointly invert multi-orbit S1A deformation LOS measurements by using an analytical approach to
search for the coseismic fault parameters; (3) we refine our modeling approach by exploiting the Finite
Element (FE) method, which allows us to take into account geological and structural complexities of
the region, and to simulate the slip along the subducted slab, the stress distribution, and the principal
stress axes orientation.

2. Satellite Data

The used dataset consists of four SAR acquisitions that were taken on 26 August 2015 and
19 September 2015 along ascending orbits (Track 18), and 31 July 2015 and 17 September 2015 over
descending ones (Track 156), by the C-Band S1A sensor acquiring data with the Terrain Observation
with Progressive Scans (TOPS) mode, which is specifically designed for interferometric application
and guarantees a very large spatial coverage [9]. Note that, similar to the ScanSAR, TOPS mode
is burst-based; indeed, during the acquisition time, the antenna beam is switched cyclically among
different sub-swaths, allowing a significant improvement of the range coverage, but with the detriment
of the azimuth resolution. In particular, our SAR data are acquired through the Interferometric
Wide Swath (IWS) TOPS mode configuration which is characterized by a swath extension of about
250 km [10]. Such an acquisition mode happens to be particularly effective in the framework of a very
large area deformation analysis, as in the case of the Illapel earthquake, at the expense of a coarse
spatial resolution (about 15 m and 4 m along azimuth and range, respectively). In our analysis, we
jointly process 4 and 3 S1A slices for ascending and descending tracks, respectively, which correspond
to an area of ~130,000 km2.

By exploiting the available S1A Single Look Complex (SLC) images, we generate two DInSAR
interferograms (characterized by a spatial baseline of 75 m and 7 m for ascending and descending
orbits, respectively), following a burst-by-burst processing approach and working in radar coordinates
(see Figure A1). In particular, we first co-register the SLC bursts through the use of precise orbits
information and a 3-arcsec Shuttle Radar Topography Mission (SRTM) DEM of the investigated
area [11]. Then, we calculate the DInSAR interferograms for each burst, by using the same DEM for the
topographic residue component removal, with a multilook factor of 2 and 10 pixels along the azimuth
direction and range, respectively. Subsequently, we compensate for the residual azimuth phase ramp
due to possible azimuth mis-registration, through the Enhanced Spectral Diversity method [12] applied
to the overlapping areas across consecutive bursts, both on azimuth and range directions. Finally,
the compensated wrapped phases of each burst are combined into a single DInSAR interferogram
to which the phase unwrapping [13], and the geocoding steps are then applied. Note that, for what
concerns the phase unwrapping operation, which permits the retrieval of the interferometric phase
(unwrapped interferogram) from its restriction to the [´π, π] interval (wrapped interferogram), it is
generally carried out by properly integrating the interferometric phase gradient directly estimated
from the wrapped interferogram [14]. Because of the above mentioned integration step, the unwrapped
interferogram is available only for the phase of one pixel. This pixel, usually referred to as a reference
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point, is typically located in a stable area, and its interferometric phase is set to zero (corresponding to
the absence of deformation).

The so-generated coseismic DInSAR deformation maps are presented in Figure 2a,b and exhibit
in both cases one main deformation lobe. Moreover, as clearly shown in Figure 2a,b, no phase ramps
are present in the resulting interferograms. Such a result is also evident from the analysis of wrapped
interferograms, provided in the Appendix (see Figure A1).

Figure 2. DInSAR data and analytical model. (a) Line-of-sight (LOS) coseismic displacement map
computed by using Sentinel 1-A (S1A) data acquired from descending orbit (Track 156) on 31 July 2015
and 17 September 2015 (b) S1A descending LOS projected analytical model; (c) Descending model
residual (d) Line-of-sight (LOS) coseismic displacement map computed by using Sentinel 1-A (S1A)
data acquired from ascending orbit (Track 18) on 26 August 2015 and 19 September 2015 (e) S1A
ascending LOS projected analytical model (f) Ascending model residual (g) Uncertainty analysis for
the nonlinear inversion: standard deviation (red histograms) of the computed model fault parameters.
The yellow star is the epicenter of the main shock. The black square in panels (a) and (c) represents the
DInSAR reference point. The black rectangle in panels (b) and (e) represents the Okada fault boundary
retrieved by the non-linear inversion.
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In particular, the descending track shows negative LOS displacement values down to ´146 cm,
corresponding to a sensor-target range increase, while the ascending is characterized by positive values
up to ~150 cm, indicating a decrease of the sensor-target distance; the ascending and descending LOS
deformation maps reveal that the displacement is almost equal in magnitude and opposite in sign.
These displacement values are in agreement with other works carried out with S1A data to study the
Illapel earthquake [8], so phase unwrapping errors can be neglected. Accordingly, the main source
of displacement uncertainty is mostly related to atmospheric artefacts, which can be considered in
the order of a few phase fringes with a local extension, thus not significantly impacting the retrieved
deformation signal induced by the main shock. The availability of both ascending and descending
SAR data set allows us not only to detect the ground deformation in the corresponding LOS, but also
to discriminate the vertical and east–west components of the displacement [15]. To achieve this task,
we properly combine the geocoded displacement maps computed from the ascending and descending
orbits on pixels common to both maps, taking into account the different acquisition geometries at each
pixel [15,16]. Following the previous discussion, we present in Figure 3a,b the achieved east–west
and vertical displacement maps, respectively, evaluated with respect to a pixel identified with a black
square in Figure 3a. The east–west displacement map, shown in Figure 3a, clearly highlights a huge
displacement to the west of more than 210 cm, while the vertical displacement map (Figure 3b) shows
an uplift of about 25 cm along the coast, surrounded by an annular shaped subsidence of about 20 cm;
these findings are consistent with GPS measurements reported in Tilmann et al. [7], which indicate
an uplift of the coastline and a westward motion approximately radially towards a point offshore near
31.2˝ S, and with Grandin et al. [8], which highlight a shift from a coastal subsidence to a coastal uplift
at 31.1˝ S.

Figure 3. Displacement components computed from the descending and ascending displacement
maps shown in Figure 2a,b, respectively, for the pixels that are common to both maps; (a) east–west
deformation component; (b) vertical deformation component. The pixel identified by the black square
represents the reference point of the common mask. AA’ line is the trace of the SAR data profile used
for the 2D Finite Element (FE) modeling.

3. Analytical Modeling

In order to retrieve the seismogenic fault parameters, we now jointly invert S1A DInSAR
ascending and descending data following two main steps: a nonlinear inversion to constrain the
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fault geometries with uniform slip, followed by a linear inversion to retrieve the slip distribution on the
fault plane. The observed data is modeled with a finite dislocation fault in an elastic and homogeneous
half-space [17]. We search for 8 fault parameters by using a nonlinear inversion algorithm which is
based on the Levenberg-Marquardt (LM) least-squares approach, a combination of a gradient descent
and Gauss-Newton iteration [18]. Our implementation of the LM is modified with multiple random
restarts to guarantee the catching of the global minimum in the optimization process. The dip angle
is fixed at 22˝, constrained by the aftershock spatial distribution and CGMT fault solution. The cost
function is a weighted mean of the residuals, expressed as:

CF “
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di,obs ´ di,mod
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where di,obs and di,mod are the observed and modeled displacement of the i-th point, and σi is
the standard deviation for the N points. The DInSAR data is sub-sampled through a QuadTree
algorithm [19] over a mesh of about 17,200 points for the descending pass and 25,000 points for the
ascending one.

The best fit solution consists of a reverse fault, whose parameters are summarized in Table 1.

Table 1. Analytical fault model parameters retrieved through non-linear inversion, with the relative
standard deviation in parentheses.

Length
(km)

Width
(km)

Top Depth
(km)

Strike
(deg)

Dip
(deg)

Rake
(deg)

Lat (˝) Lon (˝)
Average
Slip (cm)

170 (0.4) 100 (0.7) 0.1 (0.1) 1 (2) 22 (1) 92 (2) 31.015S
(0.01)

72.033W
(0.01) 400 (15)

The modeled displacement maps (Figure 2c,d) show a good fit with the measured DInSAR data
(Figure 2a,b), as highlighted by the residual maps in Figure 2e,f, where the residuals are generally
below 25 cm. Figure 2g reports the uncertainty analysis for this non-linear inversion. Some residual
deformation is still observed near the main rupture area, which perhaps mainly relates to some local
deformation or a more complex geometry of the rupture plane. In order to have a more accurate
estimate of the slip along the fault plane, a distributed slip on 20 ˆ 20 patches (with dimensions of
15 ˆ 7.5 km2) is calculated. To this aim, a linear inversion is performed by fixing the parameters of the
non-linear inversion (Table 1) and inverting the following system:«
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where dInSAR is the InSAR data vector, m is the vector of slip values, G is the Green’s matrix with the
point-source functions, and ∇2 is a smoothing Laplacian operator weighted by an empirical coefficient
k. The system solution is obtained by means of the Singular Value Decomposition technique of the
kernel matrix. In this case, we find a maximum slip of about 7 m in the shallowest 20 km (Figure 4a,b);
the RMS for this solution is about 4.6 cm. The standard deviation slip for each patch is reported in
Figure A2. The fault length and width are extended to consider the border effects as negligible. Note
that most of the aftershocks do not take place close to the areas with a larger slip, but they occur in
their surroundings; this finding is very similar to what was found by USGS [20].
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Figure 4. Coseismic slip distribution retrieved through the performed linear inversion. (a) Map view
of the coseismic slip over 20 ˆ 20 patches (with dimensions of 15 ˆ 7.5 km2); (b) and (c) report a 3D
view of the fault patch slip. The aftershock distribution, with M > 4, spanning from 16 September
(main shock) to 19 September (corresponding to the last day of temporal coverage of satellite data) are
depicted with red circles. The yellow star is the main shock epicenter.

4. Finite Element Modeling

We extend our analysis by performing a 2D numerical modeling of the ground deformation
pattern retrieved by the DInSAR measurements; our solution is based on the FE approach and allows
us to account for the geological and structural information available over the considered area, as well
as the seismicity distribution. More specifically, taking into account the geometric features of the
active seismogenic slab and the mechanical heterogeneities, we apply a loading along the shallow
segment of the slab (see black line in Figure 5a) in order to simulate the ground deformation pattern.
We reproduce the retrieved displacements within a 2D structural mechanical context, under the linear
elastic material approximation and by constraining the sub-domain setting with the geological and
structural information reported in Tassara and Echaurren [21].

We define a simplified geometry of the study region, which extends 390 km and 100 km deep;
such a very large area allows us to neglect the possible edge effects. Concerning the geological setting,
we develop a heterogeneous model by considering five geological units having isotropic mechanical
properties: (i) upper continental crust; (ii) lower continental crust; (iii) continental mantle; (iv) oceanic
lithosphere; and (v) oceanic asthenosphere (Figure 5a). The elastic parameters values are reported
in Table 2.

As boundary conditions, we apply a free constraint at the upper boundary domain, which
corresponds to the topography of the considered area. The bottom boundary is fixed, while a roller
condition at the two sides of the numerical domain is applied. The entire numerical domain is
discretized in 17,712 tetrahedral elements with a higher refinement along the slab (Figure 5b).
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Figure 5. FE results. (a) Geological cross-section, modified from [18]. Black segment is the segment of
the slab along which the loading is applied to simulate the earthquake thrusting. (b) Contour line of the
retrieved slip model, superimposed on the discretized domains. (c) Comparison between the DInSAR
vertical component and model. (d) Comparison between the DInSAR EW component and model.

Table 2. Parameters for each layer defined in the model: Density (kg/m3), Young’s Modulus (GPa) and
Poisson Ratio. Modified from [7,21].

Parameters
Upper
Crust

Lower
Crust

Lithospheric
Mantle

Ocean
Lithospheric

Ocean
Asthenosphere

Density 2700 3100 3300 3300 3400
Young’s Modulus 100 110 150 150 160

Poisson’s Ratio 0.25 0.26 0.26 0.25 0.26

In order to reproduce the coseismic displacement along the fault, we assume the stationarity and
linear elasticity of the involved materials by considering the solution of the equilibrium mechanical
equations [22]. The earthquake simulation is developed through two stages: During the first one
(pre-seismic), the initial stress field was reproduced by applying gravity acceleration under elastic
condition; note that this condition permits the model to compact under the weight of the rock
successions (gravity loading) until it reached a stable equilibrium [23]. At the second stage, (coseismic),
where the stresses are released through a non-uniform slip along the fault, we use an iterative analysis
based on a trial-and-error approach [24,25]; it is performed by fixing the location and geometry of the
dipping plane constrained by the available structural information and the hypocentral distribution
and searching for the loading along the slab. In particular, to evaluate this parameter, we generate
several forward structural mechanical models (up to 200) and compare the achieved model results
with the EW and vertical component selected along the AA’ profile shown in Figure 3a,b. This profile
is selected as it passes through the area of maximum EW displacement.

Our best fit model, evaluated by the minimum RMS solution, is reported in Figure 5c,d for the
vertical and EW component, respectively. We also report the retrieved 2D displacement along the
modeled section, which provides a maximum slip of ~7 m at a depth of 10 km, in the shallower sector
of the slab (Figure 5b). A comparison between the slip values retrieved from the FE model and Okada
solution along the slab is shown in Figure A3. The achieved major discrepancy, located between depths
of 20 and 30 km (hypocentral depth), is probably related to the geometric complexity of subducted
slab, considered in the 2D FE model only.

5. Discussion

Our Okada model inferred from the multi-orbit S1A DInSAR measurements shows that almost
all of the slip during the 2015 Illapel earthquake occurred northwest of the epicenter at a distance
of about 60 km (Figure 4a). A large slip area of about 70 km along strike and 50 km along dip is
found with a maximum slip located in the shallowest 20 km. The along-strike extent of the main
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shock rupture roughly coincides with the trench axis (see green line in Figure 4a). Moreover, the
comparison between the slip model map and the aftershock distribution, spanning from 16 September
(main shock) to 19 September (corresponding to the last day of temporal coverage of satellite data),
reveals that a very small number of aftershocks occurred in the large-slip area (Figure 4a,b); this
finding is consistent with what was found by other studies for the Illapel earthquake [6,7,26] and
for similar large earthquakes [27]; indeed, the authors of the previous studies, by using the slip
distributions for several moderate to large earthquakes, together with their aftershock distributions,
concluded that the aftershocks occurred mostly outside or near the edges of the areas of large slip [28].
Our coseismic slip model suggests the slip direction is dominantly downdip and assuming the shear
modulus to be 40 GPa, with an average slip of ~4.5 m; the total moment of the preferred model
is 2.08 ˆ 1021 Nm, corresponding to a moment magnitude 8.1, comparable to the seismic moment
magnitude 8.3, calculated by the USGS-National Earthquake Information Center—NEIC [29].

We further improve our analysis by including in the modeling approach the structural and the
geological information available for the study area; this allows us to simulate the slip along the
subducted slab, stress distribution, and the principal stress axes orientation. To achieve this task, we
perform the analysis via a FE approach. Therefore, we make several test in order to search for the
loading along the subducted slab; the best model provides a maximum slip of ~7 m at a depth of
10 km, corresponding to the shallower sector of the slab (Figure 5b).

In addition, in order to confirm the validity of our model, we analyze the stress distribution
along the subducted slab, in terms of von Mises scalar quantity and orientation of maximum principal
stress, and compare them with seismological data. The von Mises stress expresses the difference
between the principal components of stress and gives an indication of the amount of shear stress.
At the same time, this parameter is proportional to the octahedral shear stress [30] by a constant factor?

2{3 and thus can be directly compared with the yield strength of the materials to give an estimate
of the possibility of failure. Indeed, the obtained von Mises stress distribution, reported in Figure 6a,
shows a close similarity with the depth distribution of the aftershock hypocenters. Note that we
report one month of aftershocks (with M > 4.3) located within 10 km north and south from the AA’
profile and recorded by GEOFON network. Moreover, the maximum principal stress orientation
highlight a compressive regime (horizontally-oriented σ1) in correspondence of the deeper portion
of the slab and an extensional regime (vertically-oriented σ1) at its shallower segment (Figure 6b).
This finding is supported by seismological data that show that at least 3 aftershocks (3 weeks after
the main shock) exhibit a high-angle normal faulting close to the trench, and most of the aftershocks
share low-angle thrust faulting mechanisms consistent with the megathrust geometry [1] (Figure 6b).
Finally, we propose a conceptual model (not to scale) with the aim of synthesizing the kinematics of the
megathrust faulting inferred from our modeling results and supported by observed data (Figure 6c).
Such a model shows how the megathrust subduction induces a horizontal displacement toward the
West, an uplift along the coast and a subsidence behind it of the overriding plate; in the same way,
the motion along the subducted slab, considering the distribution of von Mises stress, could explain
the occurrence of normal faulting earthquakes (extensional regime) across the trench axis and thrust
faulting (compressive regime) along a deeper segment of the slab.
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Figure 6. Stress distribution analysis inferred from the FE modeling. (a) Von Mises distribution.
One month of aftershocks (with M > 4.3), located within 10 km north and south from the AA’ profile
(see Figure 3 for AA’ trace profile) and recorded by the GEOFON network, is reported. (b) Principal
stress orientation. (c) Conceptual model, modified after [21], on the kinematics of the megathrust
faulting inferred from our modeling results, with the indication of the vertical (blue curve) and EW
(red curve) DInSAR displacement along a portion of the subduction zone highlighted by the grey
dashed lines.

6. Conclusions

Our main findings can be summarized as follows:

‚ S1A satellite measurements are a powerful tool to analyze the deformation induced by large
mega-thrusting earthquakes, as in the case of the Illapel earthquake. More specifically, S1A
peculiarities include wide ground coverage (250 km of swath), C-band operational frequency, and
short revisit time (that will reduce from 12 to 6 days when the twin system Sentinel-1B will be
placed in orbit during 2016). Such characteristics, together with the global coverage acquisition
policy, make the Sentinel-1 constellation an extremely suitable region for studying high seismic
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hazard and monitoring worldwide, thus allowing the generation of both ground displacement
information with increasing rapidity and new geological understanding.

‚ The east–west displacement map highlights a huge westward displacement of about 210 cm, while
the vertical displacement map shows an uplifting area of about 25 cm along the coast, surrounded
by an annular shaped subsidence of about 20 cm.

‚ The Okada modeling consists of a reverse fault, accounting for the main seismic event and
corresponding to the shallow portion of the subducted slab. Most of the slip occurred northwest
of the epicenter at a distance of about 60 km. A large slip area of about 70 km along strike and
50 km along dip is found with a maximum slip located at a depth ranging from 10 to 30 km.

‚ The FE modeling, obtained by also including our analysis geological and structural information,
allows us to estimate values of maximum slip comparable with the analytical solution and to
evaluate the von Mises distribution and axis stress orientation, which are in agreement both with
the location and the type of faulting of the aftershocks.
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Appendix A

Figure A1. Wrapped interferograms superimposed on a satellite Google Earth image. (left) 26 August
2015–19 September 2015 inteferogram along the ascending orbit (Track 18) (right) 31 July 2015–17
September 2015 inteferogram along the descending orbit (Track 156). The red star is the main
shock epicenter.
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Figure A2. Standard deviation associated to the slip values of Figure 5a. The aftershock distribution,
with M > 4, spanning from 16 September (main shock) to 19 September (corresponding to the last
day of temporal coverage of satellite data) are depicted with red circles. The yellow star is the main
shock epicenter.
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Figure A3. Comparison between the slip values retrieved from FE model and Okada solution. Note how
the variation of the slip values with depth shows similar trend up to ~20 km depth, while they deviate
from 22 to 33 km depth. This discrepancy may be ascribed to the curvature of the slab, which has been
taken into account in the FE modeling only.
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Abstract: A sequence of Ms ě 5.0 earthquakes occurred in 2003 and 2004 in Bange County, Tibet,
China, all with similar depths and focal mechanisms. However, the source parameters, kinematics
and relationships between these earthquakes are poorly known because of their moderately-sized
magnitude and the sparse distribution of seismic stations in the region. We utilize interferometric
synthetic aperture radar (InSAR) data from the European Space Agency’s Envisat satellite to
determine the location, fault geometry and slip distribution of three large events of the sequence that
occurred on 7 July 2003 (Ms 6.0), 27 March 2004 (Ms 6.2), and 3 July 2004 (Ms 5.1). The modeling results
indicate that the 7 July 2003 event was a normal-faulting event with a right-lateral slip component,
the 27 March 2004 earthquake was associated with a normal fault striking northeast–southwest and
dipping northwest with a moderately oblique right-lateral slip, and the 3 July 2004 event was caused
by a normal fault. A calculation of the static stress changes on the fault planes demonstrates that the
third earthquake may have been triggered by the previous ones.

Keywords: radar interferometry; satellite geodesy; earthquake source observations; deformation;
earthquake sequence; Bange earthquakes

1. Introduction

From July 2003 through July 2004, a complex earthquake sequence occurred in Bange County on
the border between Qinghai province and Tibet, China (Figure 1). According to the China Earthquake
Networks Center’s (CENC) catalogue [1], the sequence started with an Ms = 6.0 earthquake on 7 July
2003 (Table 1). The National Earthquake Information Center’s (NEIC, United States Geological Survey)
catalogue indicated a normal faulting mechanism, whereas the Global Centroid Moment Tensor’s
(GCMT) database showed a strike-slip mechanism (Figure 1). On 27 March 2004, approximately eight
months later, three earthquakes occurred approximately 70 km south of the 2003 event: a large shock
(Ms 6.2, 18:47 GMT) was preceded by two Ms ě 5.0 shocks (Figure 1; Table 1). Five events with
Ms ě 5.0 were reported through July (Table 1). We list all of the earthquakes with Ms ě 5.0, and
whether the focal mechanism solutions are subject to normal-faulting or strike-slip mechanisms,
in Table 1.

On a regional scale, the epicentral area of the 2003–2004 Bange earthquake sequence is situated in
the central Tibetan Plateau. Tectonically, the earthquake sequence occurred in the northern Qiangtang
block, approximately 100 km south of the boundary between the Bayan Har block and Qiangtang block.
Generally, active north–south shortening and an east–west extension in central Tibet are accommodated
by north–south trending normal faults and conjugate strike-slip faults (e.g., [2]). Previous studies

Remote Sens. 2016, 8, 516 76 www.mdpi.com/journal/remotesensing



Remote Sens. 2016, 8, 516

indicate that recently active faults within the Qiangtang block range from strike-slip to normal faulting
kinematics [2].

Table 1. Catalogue of the 2003–2004 Bange earthquake sequence from CENC (shown as stars in
Figure 1).

Date
(yyyymmdd)

Time
(hh:mm)

Latitude
(˝)

Longitude
(˝)

Magnitude
(Ms)

Depth
(km)

Focal Mechanism

GCMT NEIC

20030707 06:55 34.51 89.37 6.0 13   
20040327 18:45 33.92 89.20 5.8 13 — —
20040327 18:47 34.01 89.22 5.5 10 — —
20040327 18:47 33.95 89.37 6.2 9   
20040406 10:30 33.93 89.13 5.0 14  —

20040422 10:02 33.87 89.12 5.1 8  —

20040523 02:22 34.00 89.30 5.1 10  —

20040523 07:38 34.08 89.28 5.3 9  —

20040703 14:10 34.00 89.20 5.1 6  —

 

Figure 1. Topographic map of Bange County in central Tibet, China, with the location shown in the inset.
Green lines in inset represent block boundaries [3]: BB, Bayan Har Block; QB, Qiangtang Block. Shaded
relief topography is SRTM DEM at 90 m resolution. Black thin lines are fault traces [4]. Earthquakes
listed in Table 1 are shown as red circles. Blue circles are aftershocks with Ms ě 3.0 through 2015.
Earthquake catalogue is from China Earthquake Networks Center (CENC) [1]. Black box with solid
line marks areas covered by interferograms of the 7 July 2003 event. Dashed box marks areas covered
by interferograms of the 27 March 2004 event. Green box marks areas covered by interferograms of the
3 July 2004 event. Focal mechanisms from NEIC and GCMT for 7 July 2003 Ms 6.0, 27 March 2004 Ms
6.2, and 3 July 2004 Ms 5.1 events are shown.
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According to the China Earthquake Networks Center’s (CENC) catalogue (2000 to 2015),
earthquakes larger than magnitude 5 were common around the 2003–2004 Bange sequence area; and
all of these events were smaller than magnitude 6, except for the two aforementioned events, that is,
the 7 July 2003 Ms 6.0 and 27 March 2004 Ms 6.2 events. Thus, identification and characterization of the
seismic sources of the 2003–2004 sequence can provide an important contribution to the understanding
of the deformation style of this seismically active area. Additionally, the modeling of the displacement
fields provides new insights into the seismotectonic setting and the seismic hazard for the central
Tibetan Plateau.

Coseismic deformation fields caused by the 2003–2004 Bange earthquake sequence are unknown
because of difficult logistics and persistently inclement weather in this remote area. Because of the
sparseness of the geodetic arrays, the earthquakes responsible for the sequence were not identified
previously. Moreover, the absence of any seismic rupture at the surface after the earthquake does not
allow for direct field identification of the seismogenic fault. This makes the application of satellite-based
monitoring techniques, such as interferometric synthetic aperture radar (InSAR), highly desirable.
InSAR combines two or more SAR images of the same area acquired at different times from nearly
the same position in space to map any surface deformation that might occur during the time interval
spanned by the images (e.g., [5,6]). InSAR has been well known for imaging coseismic displacements
and estimating source parameters since the June 1992 Mw = 7.3 Landers earthquake (e.g., [7–12]). In
this study, we measure the ground deformation due to the 2003–2004 Bange earthquake sequence
using InSAR. We invert the source geometries based on the observed surface deformation patterns
and subsequently perform linear inversions to retrieve the slip distributions. Then, we evaluate the
static stress drop of the 2003–2004 Bange earthquake sequence. Finally, Coulomb failure function (CFF)
analysis is used to study the interactions among the earthquakes.

2. InSAR Data and Analysis

We collect SAR images covering the 2003–2004 Bange earthquake sequence from the Envisat
satellite, operating on the C band. The data are processed using the GAMMA InSAR processing
software [13]. We use the two-pass InSAR approach (e.g., [5,6]) to form deformation interferograms.
The effects of topography are removed from the interferograms using a filled 3 arc¨ s (~90 m) resolution
Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM) [14] obtained from the
Consultative Group on International Agricultural Research’s Consortium for Spatial Information
(CGIAR-CSI) [15]. To improve the signal-to-noise ratio, interferograms are downsampled to 4 looks in
range and 20 looks in azimuth (80 m ˆ 80 m) and are filtered twice using an adaptive filter function
based on the local fringe spectrum [16], with the dimensions of the windows being 128 ˆ 128 and
32 ˆ 32 pixels. This filtering strategy efficiently removes the high frequency noise [17] and makes the
phase unwrapping much easier. To remove residual orbit errors, a fine estimation of the interferogram
baseline is obtained by a nonlinear least-square adjustment of the observed phase over presumably
stable areas [18,19]. The time chart in Figure 2 shows the temporal coverage of the coseismic differential
interferograms, along with their perpendicular baselines. In addition, marked are the times of seismic
events, for reference.

2.1. The 7 July 2003 Event

Figure 3 shows two interferograms that span the 7 July 2003 event, mapping the coseismic
deformation pattern. The reasonably good coherence permits a clear view of the surface deformation
field associated with the earthquake. As the bull’s-eye pattern signal is consistent between the two
interferograms, which are calculated using two independent pairs of images, we rule out the possibility
that the observed signals are strongly affected by atmospheric artifacts. Additionally, the bull’s-eye
pattern signal cannot be attributed to DEM error because the baselines of these interferograms are
short, making them insensitive to any plausible errors in the DEM (Figure 2).
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Figure 2. Time intervals covered by each of the interferograms shown in Figures 3 and 4. Values in
parentheses are the perpendicular baseline of each interferogram. Grey bars show time intervals. Black
solid vertical lines mark the times of the 7 July 2003 Ms 6.0, 27 March 2004 Ms 6.2, and 3 July 2004
earthquakes (see Table 1 for details).

Figure 3. Coseismic interferograms of the 7 July 2003 earthquake. Location of the interferograms is
shown in Figure 1 as a box with solid line. Start and end dates are provided above each image using
the format yyyymmdd. (a) 20030409–20040114. Satellite flight direction and radar look direction are
labeled as a solid arrow and open arrow, respectively; (b) 20030618–20030723. Each fringe, i.e., full
color cycle from red through yellow to blue, represents 28 mm of range increase between the ground
and the satellite.

The deformation fields show two approximately symmetric lobes with two color cycles, indicating
an approximately 5-cm range change in the radar’s LOS (Line Of Sight) direction. The left lobe moved
away from the satellite, whereas the right lobe moved towards the satellite.
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Figure 4. Interferograms related to the 2004 earthquakes. Location of the interferograms is shown
in Figure 1 as a dashed box. Start and end dates are provided above each image using the format
yyyymmdd. White solid arrows point to the oval pattern caused by the 27 March 2004 event, whereas
the white dashed circles delineate the circular pattern caused by the 3 July 2004 event. Satellite flight
direction and radar look direction are labeled as short solid arrow and open arrow, respectively. Each
fringe, i.e., full color cycle from red through yellow to blue, represents 28 mm of range increase between
the ground and satellite. (a) 20030409–20040114; (b) 20030409–20041124; (c) 20030618–20050622;
(d) 20040114–20040622; (e) 20040114–20041124; (f) 20040114–20050622; (g) 20040602–20050622;
(h) 20041124–20070207.

2.2. The 2004 Earthquakes

Figure 4 shows interferograms related to the 2004 earthquakes. Before 14 January 2004 and
after 24 November 2004, no obvious deformation is detected in the corresponding interferograms
(Figure 4a,h). In addition, similar to the analysis of the 7 July 2003 event, we confirm that the large-scale
oval pattern signal that elongated NE–SW, as shown in Figure 4b–e, was primarily caused by the
2004 earthquakes. The oval signal shows approximately five red-yellow-blue color cycles, indicating
a negative displacement reaching up to 14 cm. However, we note another small-scale circular signal
that persisted in several interferograms (Figure 4b,c,e–g), located northeast of the oval. The oval
fringes and the circular fringes partially overlap. However, the signal is not detected before 2 June
2004 (Figure 4d). Referring to the catalogue (Table 1), we infer that the local small-scale subsidence
signal may be caused by the earthquake that occurred on 3 July 2004.
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3. Source Modeling and Analysis

Using the InSAR surface displacements, we can potentially place constraints on the fault
orientation according to the depth and the spatial extent through modeling. To consider the high
spatial correlation of pixels and expedite the modeling process, we first attempt to down-sample the
InSAR data using the quadtree method (e.g., [20]). However, this fails to capture the main deformation
pattern with a high enough resolution. Then, we sample the near-field area at a dense regular spacing
grid and the far-field area at a sparse regular spacing grid. The modeling is executed in two steps.
First, we perform an exhaustive search for the best-fit fault parameters assuming uniform slip. Then,
we divide the faults into sub-faults and estimate the slip on each patch.

3.1. Uniform Slip Model

3.1.1. The 7 July 2003 Event

We choose Figure 3b for modeling because it has a shorter time interval than Figure 3a, containing
less possible pre- and post-seismic deformation. Qualitatively, the coseismic deformation pattern
shown in Figure 3 is consistent with a NW-SE fault plane for the 7 July 2003 earthquake. However,
because all of the available interferograms are in the same viewing geometry, we cannot easily
identify the hanging wall of the causative fault. Therefore, we perform two inversions on the 7 July
2003 earthquake. The first model constrains the strike to be within 270˝ and 360˝, and the second
model constrains the strike to be within 90˝ and 180˝. The first model produces a solution with
an approximately horizontal fault plane, which is inconsistent with the deformation pattern and is
physically unrealistic for a causative fault. Hence, we consider the first model to be unlikely. In contrast,
the second model achieves reasonable fault parameters. Referring to the pattern of the observed
deformation, we assume that the causative fault could be interpreted as a single rectangular plane
with a uniform slip embedded in a homogeneous, isotropic, elastic half-space [21]. Nine parameters
define the rectangular dislocation: length, width, depth, strike, dip, slip magnitude (dip- and strike-slip
along the fault), and location (two parameters). In the model, we introduce linear terms to account for
any possible phase ramp due to uncertainties in satellite positions [5]. We use the downhill simplex
method and Monte Carlo simulations [22] to estimate the optimal parameters and their uncertainties,
and the root mean square errors (RMSE) between the observed and modeled interferograms as the
prediction-fit criterion. We randomly choose the starting parameters within broad bounds to generate
1000 uniformly distributed samples. For each of the nine parameters in the inversion, the histogram
of the set of best-fit solution parameters is a Gaussian from which we select the mean value as the
optimal solution and estimate the standard deviation. Figure 5a shows the distributions of the solution
parameters, indicating they are well retrieved.

Figure 6 shows the observed (a), modeled (b), and residual (c) interferograms of the model.
The model fits the observed interferogram reasonably well. The displacement profile in Figure 6d–f
does not show a discontinuity, implying that the fault does not break the surface. Table 2 shows the
optimal parameters of the best-fit fault. All of the model parameters are well constrained according to
their uncertainties (Table 2). We attribute the goodness of fit to the reasonably good coherence of the
observed interferogram. The causative fault is located at a depth of 5 km, dipping 80˝ to the northeast.
The slip is a dominantly dip slip, with a small amount of dextral slip. In other words, the 7 July 2003
earthquake is supposed to be a normal-faulting event with a right-lateral slip component. This focal
mechanism is consistent with that in the NEIC’s catalogue, but different with from that in the GCMT’s
catalogue (Figure 1).
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Figure 5. Frequency histograms of modelled parameters determined from 1000 independent runs of the
inversion algorithm. Histograms represent the 1000 best-fit solution parameters (black bins) obtained
from inversions of InSAR coseismic deformation maps. The optimal solution for the parameters is
estimated from the mean value (blue vertical line) of the best-fit Gaussian (red curve). (a) 7 July 2003
earthquake; (b) 3 July 2004 earthquake; (c) 27 March 2004 earthquake.
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Figure 6. Coseismic deformation (range displacement–negative away from the satellite) and model
for uniform slip inversion of the 7 July 2003 earthquake. (a) Observed interferogram spanning
20030618–20030723. Black and blue beach balls show focal mechanisms of NEIC and GCMT
catalogues, respectively; (b) Synthetic interferogram for a uniform slip elastic dislocation model;
(c) Residual interferogram, which is the difference between observed (a) and modeled (b)
interferograms; (d,e,f) are profiles of line-of-sight (LOS) displacements (blue dots), model LOS
displacements (red dots) and topography (grey), respectively. Crosses in (a) indicate profile locations.
Black line in (a) represents the modeled fault trace.

Table 2. Source fault parameters and their 2σ uncertainties of the 7 July 2003 earthquake.

Parameter (Unit) 20030707 Ms 6.0

Length (km) 4.5 ˘ 0.5
Width (km) 1.8 ˘ 0.6
Depth (km) 5.2 ˘ 0.4

Strike (˝) 164.0 ˘ 0.5
Dip (˝) 81.9 ˘ 0.5

Strike slip (cm) 25.1 ˘ 11.0
Dip slip (cm) 88.0 ˘ 20.0

Longitude 1 (˝) 89.5239 ˘ 0.001
Latitude 1 (˝) 34.5901 ˘ 0.001

1 The latitude/longitude location is the top left corner of the modeled fault projected to the surface.

3.1.2. The 2004 Earthquakes

Based on the analysis in Section 2.2, we infer that the observed large-scale oval signal and the
small circular pattern were created by two separate earthquakes, probably occurring on separate
faults. In other words, we assume that the 27 March 2004 Ms 6.2 earthquake produced the oval pattern
displacement and the 3 July event with Ms 5.1 was related to the small circular displacement. To
determine the two sources of observed displacements, we employ the following modeling strategy. We
choose Figure 4e,g for modeling because they have the best coherence and least apparent atmospheric
contaminations. First, we model Figure 4g to determine the fault parameters of the 3 July event because
it only includes deformation caused by that event (Figures 4 and 6b; Table 3). Because only a single lobe
is shown in the interferogram, we fix the location of the presumed fault during modeling (Figure 7a;
Table 3). The deformation fringes shown in Figure 7a change gradually from maximum subsidence to
zero toward the west, whereas the fringes change suddenly to zero toward the east. This deformation
pattern supports a west dipping normal fault. Therefore, we fix the strike of the model fault to
be approximately N–S and constrain the rake angle to a purely normal faulting mechanism. Then,
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we remove Figure 7b from Figure 4e, and model the residual interferogram to estimate the source of
the 27 March event (Figures 6c and 8; Table 3). Figure 8 shows the modeling result. The model fault
produces a first order fit to the observed deformation pattern. The northern remaining signal in the
residual interferogram is most probably due to atmospheric artifacts. The near-fault fringes of the
3 July 2004 event are unmodeled due to a simple uniform slip elastic dislocation model (Figure 7d),
which has also been evidenced by several previous InSAR studies (e.g., [23,24]). The best-fitting model
for the 27 March 2004 Ms 6.2 earthquake indicates a normal fault striking southwest–northeast, dipping
to the southeast with a moderately oblique right-lateral slip. This mechanism is consistent with the
NEIC and GCMT catalogues (Figure 1). The 3 July Ms 5.1 earthquake was caused by a normal fault,
which is consistent with the GCMT’s catalogue (Figure 1).

Table 3. Source fault parameters and their 2σ uncertainties of the 27 March 2004 Ms 6.2 and 3 July Ms
5.1 earthquakes.

Parameter (Unit) 20040327 Ms 6.2 20040703 Ms 5.1

Length (km) 10.2 ˘ 2.1 2.8 ˘ 1.1
Width (km) 5.3 ˘ 2.9 3.9 ˘ 0.8
Depth (km) 5.7 ˘ 0.8 4.9 ˘ 0.9

Strike (˝) 31.7 ˘ 2.1 182.3 *
Dip (˝) 69.4 ˘ 3.9 43.8 ˘ 2.2

Strike slip (cm) 46.8 ˘ 14.0 0.0 *
Dip slip (cm) 82.1 ˘ 21.0 34.0 ˘ 10.0
Longitude (˝) 89.2004 ˘ 0.01 1 89.3613 1,*
Latitude (˝) 34.0157 ˘ 0.01 1 34.1443 1,*

1 The latitude/longitude locations are the top left corner of the modeled faults projected to the surface; * The
parameters denoted by an asterisk are fixed in modeling.

Figure 7. Coseismic deformation (range displacement—negative away from the satellite) and model
for uniform slip inversion of the 3 July 2004 earthquake. Location of the interferograms is shown in
Figure 1 as a green box. (a) Observed interferogram spanning 20040602–20050622. Focal mechanism
from GCMT catalogue is shown; (b) Synthetic interferogram for a uniform slip elastic dislocation
model; (c) Residual interferogram, which is the difference between observed (a) and modeled (b)
interferograms; (d) Profile of line-of-sight (LOS) displacements (blue dots), model LOS displacements
(red dots) and topography (grey). Crosses in (a) indicate profile locations. Black lines in (a) represent
modeled fault trace.
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Figure 8. Coseismic deformation (range displacement—negative away from the satellite) and
model for uniform slip inversion of the 27 March 2004 earthquake. (a) Observed interferogram
spanning 20040114–20041124. Black and blue beach balls show focal mechanisms from NEIC and
GCMT catalogues, respectively; (b) Observed interferogram spanning 20040114–20041124 obtained
by subtracting Figure 7b; (c) Synthetic interferogram for uniform slip elastic dislocation model;
(d) Residual interferogram, which is the difference between observed (b) and modeled (c)
interferograms; (e) Profile of line-of-sight (LOS) displacements (blue dots), model LOS displacements
(red dots), and topography (grey). Crosses in (a) indicate profile locations. Black line in (a) represents
modeled fault trace.

3.2. Distributed Slip Model

Although uniform slip models can provide a reasonable fit to the data, we know that a
homogeneous slip on a sharply bounded fault plane is not physically reasonable. Moreover, the
simple uniform slip dislocation lacks the capability to model near-fault processes of the 3 July 2004
event (Figure 7d). Thus, we obtain more realistic models by discretizing the fault planes into sub-faults
and solve for the slip on each patch, thereby allowing the slip to smoothly taper to zero towards the
edges of the fault plane. We use the inversion code SDM [25] based on the constrained least-squares
method, which has been used in a number of recent publications for analyzing GPS and InSAR
coseismic deformation data (e.g., [26–29]). To overcome the problem of the non-uniqueness and
instability of the inversion result, a smoothing constraint is applied to the slip distribution. An optimal
smoothing factor is determined by analyzing the trade-off curve between the data misfit and slip
roughness (Figure 9).

3.2.1. The 7 July 2003 Event

Using the fault geometry determined in the uniform slip modeling, we extend the fault plane
along the strike and down-dip by increasing its total length to 17 km and its down-dip width to 10 km.
The fault is discretized into patches that are 1 km in both the along-strike and down-dip directions.
Then, the slip on all of the small patches is estimated using the SDM code [25]. Figure 10 shows the
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modeling result. Compared to the uniform slip dislocation modeling result (Figure 6), the modeling
result shows a slight improvement in the near fault fit (Figure 10). The correlation coefficient between
the observation and prediction is 97.2%. However, the results are not substantially improved from the
uniform to the distributed slip model. The calculated slip distribution is shown in Figure 11. Most
of the slip occurs at depths of 3 to 9 km, with a maximum slip of approximately 24 cm at a depth of
6 km. The geodetic moment based on the distributed slip is 2.19 ˆ 1017 Nm, corresponding to Mw 5.56,
which is comparable to the seismological estimates ranging from Mw 5.5 (from NEIC) to Mw 5.8 (from
GCMT) (Figure 1). Error analysis shows that the maximum standard deviation is approximately 1.5 cm,
indicating the slip is well retrieved (Figure 10c).

 

Figure 9. Trade-off curves between misfit and model roughness. The roughness is the normalized
value. Pluses indicate locations of optimal smoothing parameters where balances between model
misfit and smoothness is achieved. (a) 7 July 2003 earthquake; (b) 3 July 2004 earthquake; (c) 27 March
2004 earthquake.

Figure 10. Coseismic deformation (range displacement—negative away from the satellite) and model
for distributed slip inversion for the 7 July 2003 earthquake. (a) Observed interferogram spanning
20030618–20030723. Black and blue beach balls show focal mechanisms from NEIC and GCMT
catalogues, respectively; (b) Synthetic interferogram and (c) residual interferogram based upon the fault
plane (black line in (a)) slip distribution shown in Figure 11; (d,e,f) are profiles of line-of-sight (LOS)
displacements (blue dots), model LOS displacements (red dots), and topography (grey), respectively.
Crosses in (a) indicate profile locations.
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Figure 11. Slip distributions for modeled seismic source of the 7 July 2003 event. (a) Perpendicular view
of the fault, with slip vectors plotted in addition to the slip magnitudes shown in color; (b) 3-D view
from WSW; (c) 1σ uncertainty for slip distribution as shown in (a) and (b), estimated from performing
100 inversions.

3.2.2. The 2004 Earthquakes

Similar to the procedure described in Section 3.2.1, we use the fault geometry of the parameters
from the best-fitting uniform-slip model (Table 3) and estimate the slip distribution for the
2004 earthquakes. Figure 12 shows the modeling result of the 7 July event. Compared to the uniform
slip dislocation modeling result (Figure 7d), the modeling result based on distributed-slip model shows
a significant improvement in the near fault fit (Figure 12d). The correlation coefficient between the
observation and prediction is 98.9%. The calculated slip distributions are shown in Figure 13. Figure 13
shows that most of the slip occurs at depths of 4 to 9 km, with a maximum slip of approximately 14 cm
at a depth of 7 km. The geodetic moment is 1.11 ˆ 1017 Nm, resulting in a Mw of 5.33. Figure 13c shows
small slip uncertainties on the fault, demonstrating that the slip distributions shown in Figure 13a,b are
reliable. Figure 14 shows the modeling result of the 27 March 2004 Ms 6.2 event, showing improvement
compared to the uniform slip model. Figure 15 shows the slip distribution. The coseismic slip is
concentrated at depths of 1 to 6 km, with a maximum slip of approximately 55 cm at a depth of 4 km.
The geodetic moment is 6.92 ˆ 1017 Nm, resulting in a Mw of 5.86, which is slightly lower than the
seismological estimates, that is, Mw 6.0 (from NEIC and GCMT) (Figure 1). Error analysis shows that
the maximum standard deviation is approximately 7 cm, on the southern part (Figure 15c). Slip on the
central part (where major slip occurs) is well retrieved, with the 1σ uncertainty generally ď4 cm.
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Figure 12. Coseismic deformation (range displacement—negative away from the satellite) and model
for distributed slip inversion of the 3 July 2004 earthquake. (a) Observed interferogram spanning
20040602–20050622. Focal mechanism from GCMT catalogue is shown; (b) Synthetic interferogram
and (c) residual interferogram based upon the fault plane’ (black line in (a)) slip distribution shown
in Figure 13; (d) Profile of line-of-sight (LOS) displacements (blue dots), model LOS displacements
(red dots), and topography (grey). Crosses in (a) indicate profile locations.

 

Figure 13. Slip distributions for the modeled seismic sources of the 3 July 2004 event. (a) Perpendicular
view of the fault, with slip vectors plotted in addition to the slip magnitudes shown in color; (b) 3-D
view from ENE; (c) 1σ uncertainty for the slip distribution as shown in (a,b), estimated from performing
100 inversions.
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Figure 14. Coseismic deformation (range displacement—negative away from the satellite) and
model for distributed slip inversion of the 27 March 2004 earthquake. (a) Observed interferogram
spanning 20040114–20041124 obtained by subtracting Figure 4g. Black and blue beach balls show
focal mechanisms from NEIC and GCMT catalogues, respectively; (b) Synthetic interferogram and
(c) residual interferogram based upon the fault plane’s (black line in (a)) slip distribution shown in
Figure 15; (d) Profile of the line-of-sight (LOS) displacements (blue dots), model LOS displacements
(red dots), and topography (grey). Crosses in (a) indicate profile locations.

 

Figure 15. Slip distribution for modeled seismic source of the 27 March 2004 event. (a) Perpendicular
view of the fault, with slip vectors plotted in addition to the slip magnitudes shown in color;
(b) 3-D view from WSE; (c) 1σ uncertainty for the slip distribution as shown in (a,b), estimated
from performing 100 inversions.
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4. Discussion

4.1. Static Stress Drop

The static stress drop provides hints on the scaling of the static parameters (such as the source
size or final displacement) characterizing an earthquake [30]. In this study, we evaluate the static stress
drop of the 2003–2004 Bange earthquake sequence using the relationship [31–33]:

Δσ “ 7 ˆ M0{16{r3 (1)

where M0 is the seismic moment and r is the source radius. This relationship assumes a circular
rupture, and the parameter r was modeled as r = sqrt(LW/π), where L and W are the rupture length
and width, respectively.

Table 4 provides the calculated stress drop for the best-fitting uniform slip model. The average
stress drops of the 2003 and 2004 earthquakes are approximately 19, 13, and 6 Mpa, which are consistent
with the stress drops of moderate earthquakes that occur in the Tibetan Plateau (e.g., [34]). Though the
stress drops are larger than the median of an intraplate earthquake’s stress drop of 5.95 MPa [33], they
fall within the typical range of 0.3 to 50 MPa [33].

Table 4. Average static stress drop for the 2003–2004 earthquake sequence inferred from InSAR observations.

Earthquake Seismic Moment (Nm ˆ 1017) 1 Inferred Source Radius (m) Stress Drop (MPa)

20030707 Ms 6.0 2.35 1748 19.2
20040327 Ms 6.2 7.11 2891 12.9
20040703 Ms 5.1 4.19 3116 6.1

1 The adopted shear modulus μ was 30 GPa.

4.2. Coulomb Stress Change Analysis

To test whether more recent earthquakes in the Bange earthquake sequence may have been
triggered by previous ones, we calculate the progression of the Coulomb stress changes by using
the PSGRN/PSCMP code based on the distributed slip source [35] (e.g., [36]). First, we calculate the
static Coulomb stress change induced by the 7 July 2003 event on the fault plane of the 27 March 2004
event (Figure 16a). Then, the joint effect of the first two large events (i.e., the 7 July 2003 event and
27 March 2004 event) on the July 3 2004 event is calculated (Figure 16b). The Coulomb failure criterion
used is [37]:

ΔCFF “ Δτ ` μ1 ˆ Δσn

where ΔCFF is the Coulomb stress change, Δτ is the change in shear stress on the receiver fault (positive
in the slip direction), μ1 is the apparent coefficient of friction and Δσn is the change in normal stress
acting on the receiver fault (with extension positive). The value μ1 is treated as a constant with a value
of 0.4 [38]. A positive ΔCFF implies that the effect of previous events advanced subsequent shocks
toward failure, whereas a negative ΔCFF represents stress release and a delayed failure time.

Figure 16a shows that the stress change induced by the 7 July 2003 event on the fault plane of
the 27 March 2004 event is around 0 MPa. The low stress change indicates the 27 March 2004 event
may not be enhanced by the 7 July 2003 event, possibly because of the long distance (approximately
70 km) between these two earthquakes. The effect of the 7 July 2003 and 27 March 2004 events on the
July 3 2004 event is positive on most part of the fault (Figure 16b), indicating that the receiver fault are
brought closer to failure (e.g., [39,40]). Therefore, the 3 July 2004 event is positively triggered by the
7 July 2003 and 27 March 2004 events.
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Figure 16. (a) Coseismic Coulomb stress change on the fault plane of the 27 March 2004 event triggered
by the 7 July 2003 event; (b) Stress change induced on the 3 July 2004 earthquake triggered by 7 July
2003 and 27 March 2004 events.

4.3. Normal Faulting Earthquakes in Tibetan Plateau

Figure 17 indicates that moderate-sized (Mw 5.5–7.0) normal faulting earthquakes are common
in the Tibetan Plateau. For instance, the 2008 Yutian earthquake in the northwest part of the
plateau [41,42] was the largest normal faulting earthquake ever recorded instrumentally in northern
Tibet. Elliott et al. [41] studied a series of eight Mw 5.9–7.1 normal faulting earthquakes and inferred
that the extension of the Tibetan Plateau is driven primarily by gravitational forces. Ryder et al. [34] took
the 2004–2008 Zhongba earthquake sequence as an example, and studied an extensional earthquake
sequence that occurred on the Tibetan Plateau.

 

Figure 17. Normal faulting earthquakes with Mw ě 5.5 in Tibetan Plateau (1976–2015). Focal
mechanisms are based on GCMT catalogue.

Tectonically, east–west extension in the central Tibetan Plateau is accommodated by normal faults
and rift systems that trend north–south (e.g., [2,43]), which are active structures that rupture in some
normal faulting earthquakes. Therefore, moderate-sized normal faulting earthquakes will probably
occur on the Tibetan Plateau in the future to account for the continuing east–west extension.

5. Conclusions

The 2003–2004 Bange earthquake sequence involves a series of normal faulting events with
magnitudes larger than 5.0, which occurred on previously unknown faults. InSAR observations
provide important constraints on the source parameters and slip distributions. The results indicate that
the 2003 earthquake was a normal-faulting event with a right-lateral slip component. The 27 March
2004 Ms 6.2 earthquake was associated with a normal fault striking southwest–northeast and dipping
southeast with a moderately oblique right-lateral slip. The 3 July Ms 5.1 event was caused by a normal
fault with a slight normal slip component. A calculation of the static stress changes on the fault planes
demonstrates that the third earthquake may have been triggered by the previous ones.
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This study indicates that InSAR can provide reliable source parameters of shallow, moderate-sized
earthquakes in areas that lack dense seismic networks. Earthquakes with M ě 5.0 are common on
the Tibetan Plateau. However, because of the sparse seismic station distribution, most of the focal
mechanisms that are important for understanding local tectonic activity are unknown. Nevertheless,
it is possible to learn more about moderate–sized earthquakes using InSAR, as more SAR data are
available from new satellite missions (e.g., Sentinel-1A and Advanced Land Observing Satellite-2).
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Abstract: Determining the relationship between crustal movement and faulting in thrust belts
is essential for understanding the growth of geological structures and addressing the proposed
models of a potential earthquake hazard. A Mw 5.9 earthquake occurred on 21 January 2016 in
Menyuan, NE Qinghai Tibetan plateau. We combined satellite interferometry from Sentinel-1A
Terrain Observation with Progressive Scans (TOPS) images, historical earthquake records, aftershock
relocations and geological data to determine fault seismogenic structural geometry and its relationship
with the Lenglongling faults. The results indicate that the reverse slip of the 2016 earthquake is
distributed on a southwest dipping shovel-shaped fault segment. The main shock rupture was
initiated at the deeper part of the fault plane. The focal mechanism of the 2016 earthquake is quite
different from that of a previous Ms 6.5 earthquake which occurred in 1986. Both earthquakes occurred
at the two ends of a secondary fault. Joint analysis of the 1986 and 2016 earthquakes and aftershocks
distribution of the 2016 event reveals an intense connection with the tectonic deformation of the
Lenglongling faults. Both earthquakes resulted from the left-lateral strike-slip of the Lenglongling
fault zone and showed distinct focal mechanism characteristics. Under the shearing influence,
the normal component is formed at the releasing bend of the western end of the secondary fault for
the left-order alignment of the fault zone, while the thrust component is formed at the restraining
bend of the east end for the right-order alignment of the fault zone. Seismic activity of this region
suggests that the left-lateral strike-slip of the Lenglongling fault zone plays a significant role in
adjustment of the tectonic deformation in the NE Tibetan plateau.

Keywords: Menyuan earthquake; interferometry; Sentinel-1A TOPS; Lenglongling fault; characteristics
of the tectonic environment

1. Introduction

A Mw 5.9 earthquake struck the Menyuan county, Qinghai (101.641˝E, 37.67˝N) on 21 January
2016. Moment tensor solution from teleseismic data suggests that the Menyuan earthquake occurred
on a 43˝ southern dipping thrust fault at about 10 km depth with a strike of 134˝ [1,2]. The hypocenter
was located at the intersection of Lenglongling fault and Tuolaishan fault. Since 1927, more than
five earthquakes with Ms > 6 have occurred within a 100 km range from the epicenter of the event
according to the U.S. Geological Survey (USGS). The largest one, with a magnitude Ms 8.0, occurred
in May 1927 at Gulang, the closest earthquake with a magnitude Ms 6.5 occurred on 26 August 1986.
Both the 1986 and 2016 events occurred near the secondary fault of the Lenglongling fault; the distance
between the epicenters of the earthquakes is about 15 km (Figure 1a). The focal mechanism solution of
2016 event indicated that seismogenic fault is a thrust fault, with a strike slip component according to
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USGS [1]. Since the late Quaternary, the activities of the Lenglongling fault have been characterized by
the left-lateral slip and a minor component of the dip slip at some segment. Thus, there is a series of
large-scale sinistral slip fault geomorphology along the Lenglongling fault [3]. The activity behavior of
the Lenglongling main fault and the focal mechanisms of two earthquakes (1986 and 2016) show great
differences in mechanical properties [4], which indicates the complexity of the tectonic stress field and
structural styles in this area (Figure 1b). The characteristics of the rupture process of the 2016 Menyuan
earthquake offer an outstanding occasion to better constrain and resolve the fault geometry of the
northeast margin of NE Tibetan plateau. In the paper, we will report the deformation patterns of the
2016 Menyuan Earthquake from the ascending and descending track Sentinel-1A data. Joint analysis
with the 1986 Menyuan earthquake, and the background and mechanical properties of the seismogenic
fault will be analyzed to reveal the tectonic relationship between the seismogenic fault and the main
fault of Lenglongling zone. It will enhance our understanding of the implications on seismogenic
tectonic motion of the NE Tibetan plateau.

 

Figure 1. (a) Tectonic background of the 21 January 2016 Menyuan Earthquake superimposed on
topographic relief. The star is location of the 2016 Menyuan event. The red lines denote the active
faults. The blue frames are the coverage of the Sentinel-1A data. The red dots show the historic events
since 1927; (b) The partially enlarged view of the black dotted frames in (a). F1: The main fault of
Lenglongling; F2: The secondary fault of Lenglongling; the circles express the aftershocks location.
Both ends of the secondary fault of Lenglongling are bent to converge to the main fault.

2. Tectonic Settings

The stress environment of seismic activity and tectonic deformation in the northeastern
margin of the Tibetan Plateau is mainly derived from the northward push from the Indian plate.
The continental collision of the India and Eurasia plates causes the plate convergence at a relative rate
of 40–50 mm/year [5]. The northward thrusting of India beneath Eurasia led to the development of
the Altyn-Tagh and Qilianshan orogens in the northern margin of the Tibetan Plateau and generated

96



Remote Sens. 2016, 8, 519

numerous earthquakes which consequently make this area one of the most seismically hazardous
regions [6–10].

A large number of active faults are widely distributed, and control the activities of the strong
earthquakes in this region. The earthquakes in the region have the characteristics of high frequency,
high intensity, shallow hypocenter and wide distribution. It is one of the most active regions in
China [11–13]. Geological research and GPS observation results show that the basic activities of the
main boundary zone in the northeastern margin of the Qinghai Tibetan Plateau are left-lateral torsion
and reverse thrust. Recently, the left-lateral activity has also been quite significant [11,14]. The GPS
convergence rate shows that the northeastern margin of the Tibetan plateau is accumulating strain.
From the compilation of historical records, it can certainly be shown that this region is capable of
large magnitude events. The most recent of the 1986 Mw 6.0 Menyuan earthquake was in the western
region [15].

The 2016 Menyuan earthquake occurred in the northeastern margin of the Tibetan plateau.
This region is one of the most tectonically active areas. The Lenglongling left-lateral strike-slip
fault is located in the front margin of the NE Tibetan plateau (Figure 1a), which plays an important
role in adjustment and conversion of the tectonic deformation of this region [3]. This fault is also
considered to be an important segment of the Qilian-Haiyuan fault [3,13,16]. Under regional structural
stress, the crustal block is undergoing NE-oriented compression and shortening, clockwise rotation
and extrusion along the SSE direction [12,17,18]. The overall strike of the Lenglongling fault is NE
110˝~115˝, and the length is approximately 120 km. The strike slip rate of the Lenglongling fault zone
is within the range of 4–19 mm/a [3,13,16–19]. A seismic gap (Tianzhu seismic gap) has been observed
on the Qilian-Haiyuan fault which is mainly composed of the Lenglongling fault, Jingqianghe fault,
Maomaoshan fault and Laohushan fault [3]. Therefore, it is better to pay more attention to the tectonic
deformation and seismic activity in this region.

3. InSAR Coseismic Measurements and Geodetic modeling

3.1. InSAR Coseismic Deformation

The coseismic deformation due to the 2016 Menyuan earthquake was mapped using both
ascending and descending tracks of the Sentinel-1A TOPS (Terrain Observation with Progressive Scans)
mode (paths 33 and 128). The ascending coseismic interferogram was generated from 13 January
2016 to 6 February 2016 (13 January 2016–6 February 2016), and the descending one was generated
from 18 January 2016 to 11 February 2016 (18 January 2016–11 February 2016). The parameters of the
interferometric pairs are shown in Table 1.

Table 1. Sentinel-1A pairs used in this study.

No. Acquisition Time Path Mode Orbit BK Incidence

Ifg1 20160113–20160206 128 ScanSAR Asc 15 30˝–46˝
Ifg2 20160118–20160211 33 ScanSAR Des 6.5 30˝–46˝

Due to a steep azimuth spectra ramp in each burst and a small overlap between consecutive bursts,
conventional interferometry with TOPS SAR data is challenging [20]. GAMMA software supplies a
new coregistration strategy to process TOPS SAR pairs, which uses a method that considers the effects
of the scene topography and then uses a spectral diversity method that considers the interferometric
phase of the burst overlap regions between any two adjacent bursts. The topographic phase is removed
using a simulated phase from the 1-arc (~30 m) DEM from SRTM (Shuttle Radar Topography Mission).
The phase filtering [21], phase unwrapping (e.g., using a minimum cost-flow approach [22]), phase to
displacement conversion and coherence estimation are the same as those of the conventional stripmap
interferometry. Finally, we obtain surface deformation maps (Figure 2a,b). The maps completely
recorded the ground deformation field caused by the earthquake.

97



Remote Sens. 2016, 8, 519

 

Figure 2. The light of sight (LOS) deformation maps of the 2016 Menyuan earthquake. Each map
is labeled and has a background of shaded topography. The black lines indicates the main and the
secondary fault of Lenglongling. (a) Ascending LOS deformation map with pairs 13 January 2016–6
February 2016; (b) Descending LOS deformation map with pairs 18 January2016–11 February 2016.
The main and the secondary faults of Lenglongling are labeled consistently with Figure 1b.

The deformation maps (Figure 2a,b) suggest an uplift of about 7 cm along the light of sight (LOS)
direction of the satellite. The temporal and spatial baselines are relatively small (Table 1), and limited
vegetation coverage exists in the epicenter region, thus the coherence is high. The patterns of the
earthquake epicenter are smooth and distinct. Identifying the location of coseismic displacement from
the interferograms is crucial to understanding the relationship between the ground motions detected
by InSAR and the fault planes that caused the earthquakes [23,24]. Additionally, we compared the
descending and ascending interferograms; the difference of deformation patterns can be observed in
Figure 2. The deformation map of the descending track shows that the location is shifted relatively
eastward and a little larger in magnitude. This is because the different SAR viewing geometric
parameters could lead to different LOS deformation patterns.

3.2. Geodetic Modeling for Earthquake Rupture

After detailed analysis of coherence, orbital ramp effects and atmospheric artifacts of the coseismc
interfergrams, we use the coseismic deformation map of the Menyuan earthquake from Sentinel-1A
satellite as the geodetic inversion constraints to determine the detailed slip distribution pattern on
the causative fault. The main and secondary faults of Lenglongling are well constrained by fault
distribution data, and the approximate location is guided by new and existing geologic mapping
(Figure 2). From the fault geometric parameters, we can infer that the secondary fault of the
Lenglongling was responsible for this earthquake. The secondary fault of the Lenglongling was
derived from the geological mapping. From the whole geological structure background, a series of
shovel like faults have been developed. Although the interferometric patterns in Figure 2 are very
simple and can be inverted easily using the one-segment model, this event was triggered by a mid-dip
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angle fault (40˝–45˝) and the inferred junction between fault and surface is further north than the
secondary fault. Thus, a two-segment fault model can be simpler and more effective at fitting the faults.

In order to constrain the possible geometric configurations, we model the surface geodetic
displacements due to slip on the secondary fault of Lenglongling for varying fault dips and ramp
location. We produced a two-segment shovel-shaped reverse fault model that can agree with InSAR
observations of ground deformation. Note that the fault surface trace is fixed during the inversion
based on the geological features. The two segments ruptured with different dip angles. The first fault
segment extends toward the southwest with a dip of 85˝ down to 6.5 km. The second segment is
relatively flat and deep with a dip of ~40˝; it extends farther southwest, and it is responsible for this
earthquake. The earthquake was mainly triggered by the deep parts, so we primarily inverted the
deep segment; the shallow part is inferred from the supplementary information, such as the location
of the fault and the aftershock distribution.

The source parameters and variable slip distribution were determined by using the geodetic
inversion package PSOKINV [25], we conduct a global nonlinear inversion to determine the fault
geometry of the 2016 Menyuan earthquake, which uses a random search method with Particle Swarm
Optimization (PSO) based on an improved group cooperation algorithm [25,26]. First, we determined
the fault location and principal focal mechanisms based on a uniform fault. From the structural features
of the seismogenic faults, we approximate the geometry of the ruptured fault with two connected
fault segments. The Okada elastic dislocation model [27] and PSO nonlinear optimization algorithm
are employed to automatically compare and determine the optimum parameters of the simulation
results, i.e., finding the minimum solution of the adaptation function in the whole parameter space.
The best-fit uniform slip model suggests that the earthquake occurred at (101.65˝, 37.64˝) at a depth of
10.5 km. The fault had a strike of 134˝, a dip of 40˝ and a slip angle of 65˝. The magnitude could be up
to Mw 5.9, which is consistent with the Global Centroid Moment Tensor Catalogue (GCMT) and USGS
solutions, as shown in Table 2.

Table 2. Optimal fault geometric parameters determined with Sentinel-1A coseismic deformation.

Source
Location Epicenter

Depth (km)

Focal Mechanisms Fault Dimensions (km)
Magnitude

Lon (˝) Lat (˝) Strike (˝) Dip (˝) Rake (˝) Length Width

GCMT 101.76 37.65 13.9 134 43 68 - - 5.9
USGS 101.641 37.67 9.0 ˘ 1.6 134 43 68 - - 5.9
This
study

101.65 37.64 10.5 134 40 65 20 10 5.9 a

101.65 37.64 10.5 134 43 68 24 20 5.9 b

a Fault parameters derived from uniform slip model; b Fault parameters derived from distributed slip model.

To determine the distribution of the coseismic slip, a linear inversion was used to estimate the
slip distribution along a fixed fault plane which is determined from the uniform solutions. To prevent
a physically impossible oscillatory slip, a Laplacian smoothing was employed to constrain the slip
roughness [28]. The optimal dip angle and smoothing coefficient can be determined simultaneously
by the log function [25,29]. We fixed a given dip angle and applied different smoothing coefficients,
and then analyzed the variation trends. Figure 3 shows that a dip angle ranging from 40˝ to 45˝ and
smoothing factor as in reference [16] allowed us to obtain the global minimum point. By applying the
above methods, the dip angle and smoothing coefficients were determined as 43˝ and 2.5˝, respectively.
Figure 4 shows the simulated results derived from the optimal slip model. Figure 4a,d represents
the InSAR observations. Figure 4b,e shows the simulation interferogram based on InSAR inversion.
Figure 4c,f show the residuals relative to Figure 4b,e respectively. It is clear that the general patterns of
the both Sentinel-1A observations can be sufficiently explained by the distributed slip model and there
are no notable residual fringes left in the residuals (Figure 4c,f). The correlation coefficient between the
observations and simulation is 95.4%.
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Figure 3. Contour map of log function with variations in dips and smoothing coefficients (α2). The red
star indicates the global minimum point.

 

Figure 4. Original, modeled and residual interferograms for InSAR-derived slip models. (a–c) are from
SENTINEL-1A Path 128 while (d–f) are from SENTINEL-1A Path 33.

Our optimal slip model suggests that the earthquake nucleation was initiated at the deeper ramp
portion of the rupture plane (Figures 5 and 6). The thrust propagation along the updip rift would
have caused breaking of the shallow part of the fault, resulting in coseismic surface uplift [30]. Using
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the double-difference relocation algorithm, 647 aftershocks were relocated within 60 h of the main
shock [31]. The aftershocks occurred along the maximum regional slip, and the aftershocks take on a
shovel-shaped structure at a depth of 7–15 km (Figure 6). The relocation results of this event show
that the mainshock and the aftershock sequence are mainly distributed in the southwest plane of the
secondary fault.

 

Figure 5. Slip distribution of the Menyuan earthquake. (a) Coseismic slip model of the 2016 Menyuan
earthquake derived using two paths of Sentinel-1A IW deformation maps; (b) The seismic moment
distribution along the depth in the slip model.

 

Figure 6. Three-dimensional illustration of Slip distribution of the Menyuan earthquake. The blue
points represent the relocation of aftershocks, the red star denotes the epicenter.

Finally, the best-fit slip inversion model shown in Figures 5 and 6 suggests that the major
seismogenic fault is a thrust fault with a strike of ~134˝, a dip of ~43˝ and an average rake angle of
~68˝. The inferred optimal slip model suggests that the coseismic slip is concentrated at depths of
8–11 km. A maximum slip of ~0.45 m appears at a depth of 9.5 km. The cumulative seismic moment is
up to 9.9 ˆ 1017 N¨ m, equivalent to a magnitude of Mw 5.9. This reveals that the seismic distribution
was under the control of the secondary fault of Lenglongling and of the extrusion force in the NE
direction of the region.

4. Discussion

4.1. Lateral Variation of the Motion along the Lenglongling Fault

The Lenglongling fault zone is located at the frontal margin of the NE Tibetan Plateau. The overall
stress field in this area is under the SW-NE extrusion. A great compressive nappe structure zone
is formatted between the two predominant left-lateral strike-slip faults (Altyn Tagh fault and
Haiyuan-Qilian fault) in the NE Tibetan Plateau (Figure 7). A series of active structural zones
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are thrust-nappe movements from southwest to northeast, which are mainly characterized by
compressional thrust faults according to the results of GPS velocity field [15]. With the transition in
space from the west to the Lenglongling fault zone, the movement of the blocks causes the clockwise
rotation of the stress direction [12].

 

Figure 7. Tectonic transformation mode in the Lenglongling fault.

The movement mode of the Qilian-Haiyuan fault zone gradually changes to left-lateral strike slip
from the west to the east. Many obduction faults in the north margin of the Lenglongling fault zone
are in the southwest dipping direction and overthrusted successively from the south to the north [32].
These faults were turned into the shovel-shaped by the strong nappe structure under the continental
driving [12]. Therefore, the 2016 earthquake was dip-thrusting with a limited strike slip component,
which is consistent with the inversion results determined in Section 3.

4.2. Regional Active Tectonic Features Inferred from Two Earthquakes

Although the overall motion features of the Lenglongling fault is left-lateral strike-slip, due to
the complexity of fault structure styles, different segments of the fault show different movement
characteristics. The most direct representation is the obvious difference between the focal mechanism
solution of the two earthquakes in 1986 and 2016 (Figure 1b). According to the previous research,
focal mechanism solutions imply that the 1986 earthquake originated on a normal fault which was
dominated by the dip slip component [4]. Its fault tensile activity is in a SEE direction. Regional crust
extension induced this seismic activity and the tensile rupture zone of surface in the meizoseismal
area also confirmed this conclusion [4]. The two earthquake epicenters are located in the secondary
faults of western part of the Lenglongling fault zone, 5 km north of the main fault. The two ends of
the secondary fault converge to the main faults which compose the left-order alignment in the west
and right-order alignment in the east of the left-lateral strike-slip fault, respectively [33–35]. Therefore,
the structural style and stress environment are complicated at the curved part of the two ends of the
secondary fault, which may mean that the local faulting activity has a diversified performance.

The fault activity characteristics at the curved parts of the strike-slip fault can be changed due
to the shear extension or compression (Figure 8). The curved part of the left-order alignment along
the left-lateral strike-slip fault is shown as a shear extension and could produce a normal fault and
pull-apart basin. In contrast, the right-order alignment along the left-lateral strike-slip fault is shown
as a shear compression and could produce folding structure and reverse fault. The epicenter of the
1986 Menyuan earthquake is located in the NW section of the secondary faults, where the segment
is in a shear tensile environment due to the left-lateral strike slip. Therefore, the focal mechanism of
the earthquake shows a normal fault with a tiny shear effect. In contrast, the epicenter of the 2016
Menyuan earthquake is located in the SE section of the secondary fault and this segment is in a shear
compression environment. In consequence, this event shows a very strong compression effect and
caused significant uplift signals near the earthquake zone in the InSAR coseismic deformation map.
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Figure 8. Three-dimensional block diagram of the geometry proposed for the Lenglongling fault. Red
rectangles indicate the compression regions of the secondary fault of Lenglongling, while the blue ones
indicate the tensile regions.

5. Conclusions

The surface displacements caused by the 2016 Mw 5.9 Menyuan earthquake have been derived
from both the ascending and descending Sentinel-1A TOPS data. Two Sentinel-1A IW interferometric
pairs show that the significant ground displacements have a maximum uplift of 7 cm in the satellite
light-of-sight (LOS). A two-step inversion strategy was used to determine the fault geometry and slip
distribution. The results show a two-segment shovel-shaped reverse fault model that can explain InSAR
observations very well. The secondary fault of the Lenglongling fault zone should be responsible for
this event. The best-fit slip model suggests that the coseismic slip is concentrated on the deeper segment
of thrust fault with a strike of 134˝, a dip of 43˝ and an average rake angle of 68˝. The maximum slip
of ~0.45 m occurred at a depth of ~9.5 km. The cumulative seismic moment is approximately up to
9.9 ˆ 1017 N¨ m, which is equivalent to a magnitude of Mw 5.9. A joint analysis combined with the1986
Menyuan Earthquake near Lenglongling faults suggests that the western section of the secondary fault
is in a shear tensile environment due to the left-lateral strike-slip of the Lenglongling fault zone, while
the eastern section of the secondary fault is in a shear compression environment. The two earthquake
sequences exactly reflected the left-lateral strike-slip characteristics of the Lenglongling faults zone.
This showed us how to accommodate the regional tectonic deformation of the Qilian-Haiyuan tectonic
zone and the stress variation characteristics of the NE Tibetan plateau.
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Abstract: A Mw 7.1 earthquake struck the Eastern Anatolia, near the city of Van (Turkey),
on 23 October 2011. We investigated the coseismic surface displacements using the InSAR technique,
exploiting adjacent ENVISAT tracks and COSMO-SkyMed images. Multi aperture interferometry
was also applied, measuring ground displacements in the azimuth direction. We solved for the fault
geometry and mechanism, and we inverted the slip distribution employing a numerical forward
model that includes the available regional structural data. Results show a horizontally elongated
high slip area (7–9 m) at 12–17 km depth, while the upper part of the fault results unruptured,
enhancing its seismogenic potential. We also investigated the post-seismic phase acquiring most of
the available COSMO-SkyMed, ENVISAT and TERRASAR-X SAR images. The computed afterslip
distributions show that the shallow section of the fault underwent considerable aseismic slip during
the early days after the mainshock, of tens of centimeters. Our results support the hypothesis of a
seismogenic potential reduction within the first 8–10 km of the fault through the energy release during
the post-seismic phase. Despite non-optimal data coverage and coherence issues, we demonstrate
that useful information about the Van earthquake could still be retrieved from SAR data through
detailed analysis.

Keywords: SAR interferometry; multi aperture interferometry; Van earthquake; remote sensing;
numerical modelling; inverse methods; coseismic deformation; post-seismic deformation

1. Introduction

A Mw 7.1 earthquake struck the Eastern Anatolia at 10:41 a.m. on 23 October 2011 (Figure 1).
The epicenter was approximately located at 38.76˝N, 43.36˝E (Turkish Kandilli Observatory and
Earthquake Research Institute, KOERI) at a depth of about 16 km, with considerable spatial variations
of centroid and aftershocks solutions among different international seismological institutions, of the
order of tens of kilometers. The earthquake, located close to the Tabanli village, about 20 km N-NE the
city of Van (about 400,000 inhabitants), caused significant losses and casualties. The focal mechanism
indicates an ENE-WSW thrust fault, consistent with the trend observed in eastern Turkey, SW of
the Karliova junction along the Arabian plate boundary [1], with an additional minor left-lateral
component. The epicenters of the ~1400 M > 3 (5300 events M > 1) aftershock registered until the end
of January 2012 are ~NE-SW aligned. The focal mechanisms of the Mw > 5 aftershocks confirm the
dominant thrust component (Figure 1) apart from the M 5.1 event of 29 October 2011 which shows a
right-lateral strike-slip mechanism. Another earthquake of Mw 5.7 (labeled Edremit-Van earthquake
according to KOERI) took place on 9 November 2011. It was located offshore, near the town of Edremit,
South of Van, and increased the level of structural damage.
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Figure 1. Map of the Mw 7.1 Van earthquake (green star) and related aftershocks until the end of 2011.
The Edremit-Van earthquake epicenter is indicated with the purple star. The aftershocks (green before
the Edremit-Van earthquake, purple after) are from [2] and KOERI. The available focal mechanisms
of M > 5.0 events from Global-CMT earthquake catalog and [3] are shown. Near field GPS stations
(MURA and OZAL) are indicated by black triangles.

The Van earthquake occurred along a fault that was not previously mapped among the active faults
of the region [4], but has been included afterwards [5]. The rupture induced aftershocks on secondary
structures, several surface tensional cracks of tens of centimeters, landslides and liquefactions
(e.g., [6,7]). Since the length of the surface ruptures does not justify the mainshock magnitude,
part of the main fault of the Van earthquake should be considered as blind. Furthermore, along with
the main thrust plane, secondary back thrust and left/right lateral fault ruptures occurred [7]. It is not
clear whether these fault ruptures are directly connected to the main rupture at depth or not.

Initially, the seismic fault was imaged by [8] in a preliminary seismic data inversion. Results
show a maximum slip patch of 4 m at the hypocentral depth (16–20 km), mainly elongated up-dip
toward SW. Irmak et al. [9] used 35 teleseismic stations to obtain a rupture with bilateral propagation
nucleating at greater depths, ~20 km. Other teleseismic inversions described a rupture dominated by
failure of a major asperity located up-dip and SW of the hypocenter [10]. The rupture history results
indicated above are not in accordance with each other, due to the few seismic recordings in the region
and the limited spatial coverage of the seismic stations. The main consequence is a poor estimate of
the seismic hazard of the earthquake area. Gallovič et al. [11] presented different models to illustrate
the broad variability of possible rupture propagation, depending on the unfavorable seismic data
constraints. Akinci & Antonioli [12] used a stochastic approach to overcome the described limitations
in order to study the characteristics of ground motion. Fielding et al. and Elliott et al. [3,13] presented
two comprehensive studies on the Van earthquake using geodetic, seismological and field observations.
The rupture propagated along the dip direction of the fault from the waveform modeling, with two
maximum slip zones close and above the hypocenter [3]. The seismological and geodetic inversions
both constrain the slip in an area extending about 30 km along strike. Elliott et al. [13] used a pair
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of en echelon NW, 40˝–54˝ dipping faults, finding the slip distributed within two separated large
concentration zones (one for each fault). Results show the lack of significant slip above 8 km depth,
implying a potential future rupture in the shallower part of the faults [3,13–15]. However, GPS data
covering 1.5 years after the mainshock to model afterslip, suggested a lower likelihood for a large
earthquake to occur in the SW shallow sector of the fault [16].

In this paper, we have analyzed Synthetic Aperture Radar (SAR) data in order to image the
coseismic and post-seismic deformation of the Van earthquake, mapping also coseismic fractures
and landslides. We have constrained the slip distribution on the main fault using Line Of Sight
(LOS) and azimuth (~NS) components of ground displacement obtained from SAR data. We used
a numerical fault modeling approach (by means of Finite Elements (FE)) in order to consider the
elastic heterogeneities of the Van province. The 3D model was derived from tomography and receiver
functions studies, and allowed us to investigate the possible structural control on the retrieved fault-slip
source. We focused on the contribution of the ground deformation observations to the understanding
of the main features of the Van earthquake sequence. Some of the SAR data employed in our work
were previously published (e.g., [3,13–15]), but in this study we performed a detailed analysis of
most of the available SAR data in order to give insights to the seismic hazard of the region despite
non-optimal data coverage and coherence issues.

2. Tectonic Settings and Structural Data

The Anatolian plateau is geologically complex, and is dissected into numerous seismogenic faults.
The compound lithospheric structure is accompanied by large seismic wave velocities variations,
and the seismic activity is intense along highly heterogeneous zones (e.g., [17]). Unfortunately, little
information is available at smaller scale, e.g., for the epicentral area of the Van earthquake. The Lake
Van basin is located near the Karliova triple junction between the Anatolian microplate and the
Eurasian and the Arabian plates, and this allowed materials upwelling from the Earth’s mantle to
accumulate in Lake Van and in the nearby volcanic area of Nemrut volcano [18]. Lake Van was the
drill site of an International Continental scientific Drilling Program (ICDP) called PALEOVAN [19,20].
The seismic survey related to ICDP PALEOVAN revealed tephra deposits due to the historical activity
of Nemrut volcano, and very localized features, such as clinoforms extending few hundreds of meters.
However, the physical properties reported are related to very shallow depths, and therefore unable
to characterize the whole seismogenic zone. Salah et al. [20] computed a 3D tomography of the crust
beneath the eastern Anatolia (between latitudes 37.0˝N–41.0˝N and longitudes 38.0˝E–44.5˝E) from
P-waves and S-waves (Vp and Vs, respectively). The Lake Van area is associated with a heterogeneous
velocity structure. High Vp and Vs anomalies are constrained near the surface, while low velocity
zones are widely present at 20–30 km depth. The Moho depth in the Van Province is estimated to be at
42–44 km depth [17]. The low velocity anomalies are interpreted as being caused by hot lithosphere
resulting from the Arabian-European plates collision, while high Vp and low Vs (corresponding to a
high Poisson ratio anomaly) imply the presence of fluids ascending upward from the hot lithosphere.

We took advantage from the numerical modeling approach to include in our models the elastic
structure as imaged by the tomographic study [20]. In addition to these data, we considered Vs values
in the epicentral area resulting from joint inversion of teleseismic receiver functions and surface waves
by [17] at the stations VANB and CLDR.

3. Coseismic Ground Deformation and Modeling

3.1. Coseismic Geodetic Data

We processed a total of 32 SAR images (Table S1 in the Supplementary Data) from both X-Band
(COSMO-SkyMed and CSK) and C-Band (ASAR ENVISAT, and ENV) satellites along the descending
orbit using the software packages Sarscape [21] and Gamma [22]. Unfortunately, the ascending orbit
data could not be considered since the first pre-seismic image was too far in time, ca. 3 years before the
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mainshock, and was not suitable to produce coherent interferograms. It is also worth to mention that
an ascending coseismic TERRASAR-X (TSX) pair exists [23], but it shows serious coherence issues due
to the very large temporal baseline (pre-seismic image acquired on the 2009).

We adopted two different interferometric techniques to retrieve the coseismic displacement field,
the classical Differential SAR Interferometry (InSAR) and Multi Aperture Interferometry (MAI) [24].
These techniques allow for the cross-validation of independent results, although with different spatial
resolution and accuracy. The InSAR images were generated with 10 m pixel ground resolution for CSK
(multilooking factor equal to 5 in azimuth and range) and 90 m for ENV (multilooking factor equal to
20 for the azimuth and 4 for the range), using a 30 m DEM from the ASTER mission to remove the
topographic phase contribution and for geocoding. A set of ground control points was chosen from
highly coherent regions located outside the high displacement area, in order to estimate and remove
the contribution of orbital uncertainties. A filtering step was performed, based on the Goldstein
algorithm [25]. Finally, the phase unwrapping was performed applying the Delauney minimum cost
flow algorithm [26] to minimize possible phase jumps. The MAI analysis was carried out using a
cross-correlation window size of 400 m ˆ 400 m. The characteristics of the coherent SAR interferograms
are sketched in Figure 2 and listed in Table 1, while the measured coseismic displacement field is
shown in Figure 3. The range measurements (CSK1, Figure 3a) cover a large part of the coseismic
displacement field and show maximum LOS values of less than 1 m towards the satellite in the North,
decreasing southwards. The azimuth measurements (Figure 3b) confirm the compressional kinematics
(northern sector negative and southern sector positive) with extreme values located in the same area
of the LOS highest values. The displacement maps obtained from the two ENV interferograms from
adjacent tracks show very different coherence. The first one (ENV1, Figure 3c) captures the eastern
part of the ground displacement with a good spatial coverage in spite of the large baselines (Figure
S1), showing 44 cm maximum LOS displacement. The second interferogram is much less coherent
(Figure S2). The phase unwrapping was very problematic and we eventually resolved to unwrap
the clearest fringes using a manual procedure involving visual interpretation of the fringe continuity
in three different areas of the image. The analysis was carried out given the important constraint
provided by the coverage of the very near field coseismic area. This procedure generated ground
displacement values (ENV2, Figure 3d) affected by a somewhat higher uncertainty, estimated as
1–2 fringe uncertainty. The superposition with CSK1 in the western part of the image was used to
choose an offset for the unwrapped phase, and it was useful for a comparison.

Figure 2. Graphical representation of the interferograms’ time span during the coseismic and
post-seismic phases.
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Figure 3. InSAR results: (a) CSK range results (i.e., LOS direction); CSK1; (b) CSK azimuth results
(positive Northwards); (c) ENV1, LOS displacements; and (d) ENV2, LOS displacements. SAR data
details can be found in Table 1; (e) Data along the profile AA’: CSK1 (range measurements, black), CSK
(azimuth measurements, red), and ENV2 (LOS measurements, blue). The grey vertical band indicates
the fault trace (F1) and its uncertainty (~1 km). The green star is the hypocenter.
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Table 1. Characteristics of the interferograms used to map the coseismic and post-seismic phases.

Mission Orbit
Acquisition

Dates
Phase a Perpendicular

Baseline (m)

Temporal
Baseline

(days)

Incidence
Angle (˝)

Fringe
Rate (cm)

COSMO-
SkyMed
(CSK1)

Descending 10 October 2011
23 October 2011 Co 192 13 29 1.6

ENVISAT
(ENV1) Descending 5 November 2010

31 November 2011 Co 633 360 41 2.8

ENVISAT
(ENV2) Descending 22 July 2011

19 November 2011 Co 270 120 41 2.8

COSMO-
SkyMed
(CSK2)

Descending 23 October 2011
26 October 2011 Post 307 3 29 1.6

COSMO-
SkyMed
(CSK3)

Descending 23 October 2011
15 November 2011 Post 79 23 29 1.6

Terrasar-X
(TSX1) Descending 29 October 2011

9 November 2011 Post 292.2 11 26.3 1.6

Terrasar-X
(TSX2) Descending 9 November 2011

20 November 2011 Post 11.5 11 26.3 1.6

Terrasar-X
(TSX3) Ascending 31 October 2011

11 November 2011 Post 190 11 33.2 1.6

a Co is referred to the coseismic phase, Post is the post-seismic phase.

The profile AA’ (Figure 3e), across the extreme LOS values and close to the epicenter, shows
a continuous pattern of ENV2 and CSK1 datasets. The grey vertical band (F1) reports the fault
trace position (within errors) resulting from our following geophysical inversion and corresponds to
the steepest ground displacement gradient. Both the range and azimuth results from CSK show a
compressive regime and a halfway discontinuity. The spatial continuity between the CSK1 and ENV1
unwrapped interferograms is shown in Figure S3.

3.2. Fractures and Landslides from InSAR Data

The Van earthquake caused some surface ruptures, mapped during field work and summarized
by [7] and references therein. We analyzed the high resolution CSK wrapped InSAR image in order to
identify phase jumps and fringe discontinuities corresponding to surface fractures. We distinguished
two families of subparallel discontinuities ~ENE oriented and located at about 38.57˝N (FA) and
38.64˝N (FB), as shown in Figure 4. The group FA is approximately located along the surface projection
of the mainshock fault plane, and it corresponds to the main surface rupture, approximately 8 km
long, as described in [7]. Another fringe discontinuity group, FB, occurred close to the lobe of largest
coseismic LOS deformation. These discontinuities are compatible with a set of probable ruptures
related to secondary left-lateral strike-slip structures activated during the Van seismic sequence, as
suggested by [7] and shown in their Figure 4.

Additional anomalous fringe patterns and/or decorrelation areas can be found in Figure 4A.
Some of these patterns could be due to surface phenomena related to the earthquake occurrence,
like landslides. Indeed, the coseismic shaking could activate landslides characterized by a deep
or shallow rupture surface (e.g., [27] and references therein). By analyzing the CSK wrapped
interferogram, we identified a landslide type called Deep-seated Gravitational Slope Deformation (DGSD),
located about 43.5123˝E, 38.6244˝N (landslide 1 in Figure 4A–C). This type of phenomena is normally
characterized by variable deformation rates from less than 1 mm to few centimeters per year, and they
could be triggered by seismic events or heavy rainfall. Moreover, DGSDs are often revealed with
geomorphological evidences, such as double crest ridges, counterscarps or gravitational half-grabens.
Some of these features, such as crest ridges and counterscarps, were also recognized for the landslide

111



Remote Sens. 2016, 8, 532

1 of this work. In the CSK interferogram, the area involved by the DGSD shows a different fringe
pattern. In particular, the spacing between the fringes into the landslide body appears to be larger (and
chaotic) with respect to the area nearby the landslide, where the fringe spacing is regular and follows
the pattern due to the coseismic displacement (Figure 4B). This is also observable in the along-slope
displacement profile (green stripe in Figure 4C) from the CSK unwrapped phase, where we observe
the regular coseismic displacement distorted by a well-localized displacement pattern related to the
coseismic activation of the DGSD. Indeed, the signal corresponds to the landslide body that moves
downstream as an independent mass, and it is characterized by a different dislocation of the upper part
of the landslide body with respect to the accumulation zone. In addition, North of landslide 1 there are
three small areas where a loss of coherence occurs (Figure 4A,B). The regular fringe pattern is sharply
interrupted in correspondence of these areas: this phenomenon could be associated to sudden motion
temporally occurred between two SAR acquisitions. By comparing the InSAR fringes with optical
imagery, we identify three landslides (labeled 2, 3 and 4 in Figure 4A,B,E) located near the epicenter
area, suggesting the occurrence of additional coseismic displacement due to the seismic shaking.

 

Figure 4. Fractures and landslides from InSAR: (A) wrapped phase of the CSK interferogram, where
some crack lineaments (FA and FB, purple lines) and landslides (blue lines) are recognized; (B) zoomed
view of the landslides; (C) Google Earth view from South of landslide 1 (red lines); and in green the
displacement profile shown in (D), where the two red bars indicate the DGSD body; (E) Google Earth
view from NNW of landslides 3 and 4, indicated in red.

3.3. Model of the Mainshock Source

The geodetic data collected were used to retrieve the coseismic slip distribution of the mainshock
fault through an inversion procedure. We adopted a two-step inversion framework, initially optimizing
the source parameters [28] using a non-linear inversion algorithm, followed by a Bayesian study on the
inverted parameters (Neighborhood Algorithm (NA) [29,30]). This procedure settles the most probable
ensemble of solutions, instead of a single best-fit model. In the second step, the defined fault plane
is accepted for FE modeling with the commercial code [31]. The slip distribution was constrained
through a linear inversion in the heterogeneous FE forward model, adopting a procedure already
tested in seismic source inversions [32].
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The SAR datasets were subsampled in a regular grid with a step of 1 km (except for ENV1,
subsampled with a step increasing according with the epicentral distance), obtaining a total of 5314
data points. In addition to the SAR data, we considered the coseismic GPS data belonging to the
Turkish CGPS network. The stations are spread in a region of 350 km ˆ 450 km, and only two stations
(MURA and OZAL) out of 16 in total are included in the largest ENV1 frame, i.e., within 50 km from
the epicenter (Figure 1).

We carried out several tests during the non-linear inversions in order to balance the weight of the
SAR and GPS data (e.g., [32]), and to limit the trade-offs among fault parameters (e.g., top left corner
coordinates and strike, fault width and depth). In the preferred non-linear inversion configuration,
the GPS misfit weighs 5% respect to the SAR misfit, due to the very high signal-to-error ratio of the GPS
dataset and the presence of only two near-field GPS benchmarks. The fault width and dip were fixed
at 18 km and 50˝, respectively (e.g., [8,9], and within the ranges proposed by [3,13]). Both the fault
width and dip could be estimated from accurate aftershock locations in 3D, but even in the relocated
catalogue from [2], the seismicity is too scattered for this purpose (Figure 5b). A down-dip rupture
width of 20 km for a M 7.1 reverse slip earthquake was estimated [33].

Figure 5. FE model of the Van Earthquake: (a) Top view of the model. The uniform slip fault is reported
by green line while the fault plane used to retrieve the slip distribution is indicated by the black line.
Surface ruptures constrained by InSAR are indicated by purple lines. The green star is the hypocenter
and the orange dots are the surface nodes of the FE model; (b) Rigidity distribution on the section AA’
(see Figure 3) and on the fault plane within the heterogeneous FE model, view from West. The external
edges of the FE model are shown with ochre lines. The seismicity within few kilometers from the
section is reported by ochre spheres.

The resulting values of the free parameters are reported in Table 2, while the Posterior Probability
Density (PPD) functions are shown in Figures S4 and S5. The source parameters are well constrained
since the PPDs have narrow bell-shaped distributions. The uncertainties of the obtained parameters
are taken from the half-widths of the distributions themselves. The length (L = 24 km) is the worst
constrained parameter and shows trade-offs with the Easting, Northing and slip of the fault. This is
not surprising since minor variations of the fault position may be accommodated by small adjustments
in the fault length and slip amount, in order to reproduce the surface displacement pattern. A minor
trade-off between the strike angle and Northing is also to be mentioned. Data inversion shows that the
thrust fault mechanism has a minor left-lateral component, being the rake equal to 72˝, as expected
from the focal mechanism (Figure 1). The fault trace, obtained extending the fault plane to the free
surface, follows the surface fractures (Figure 5a) and corresponds to the displacement discontinuity
shown in the profile in Figure 3e (fault F1). The computed scalar seismic moment is 5.5 ˆ 1019 Nm,
using a rigidity value of 35 GPa (average of fault rigidities depicted in Figure 5b), corresponding to
Mw 7.1. The error associated to the scalar moment is estimated from its PPD distribution as 10%–15%
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its mean value (Figure S5). All the source parameters constrained are in accordance, within their
uncertainties, with previous findings, e.g., the InSAR inversions by [13]. Residuals are reported in
Figures S6 and S7.

Table 2. Fault parameters retrieved by non-linear inversion.

Latitude a,b Longitude a,b Depth a,b

(km)
Length b

(km)

Width c

(km)
Strike b

(˝)

Dip c

(˝)
Slip b

(m)
Rake b

(˝)

38.676 43.506 8.7 ˘ 0.5 24.0 ˘ 1.1 18 263 ˘ 4 50 3.6 ˘ 0.5 72 ˘ 5
a The fault position (latitude, longitude and depth) is referred to the top left corner; b The standard deviation of
every parameter is estimated from the half-width of the PPD distributions (Figure S4). The standard deviations
retrieved are 800 m for the latitude and 600 m for the longitude; c The parameter is fixed from literature (see
text for details).

We then proceeded to constrain the slip distribution in a 3D numerical model, employing
the fault geometry determined above. The fault dimensions were enlarged up to L = 36 km and
width W = 30 km, maintaining the same dip, strike and trace center, and extending the plane till the
surface. The 3D FE model is made of ~200,000 8-node brick elements (partial layout depicted in
Figure 5). The whole FE cylindrical domain has a diameter of 440 km and height 170 km, to avoid
undesirable boundary effects. The grid resolution is 1 km in the fault near field, and increases
up to 10-20 km in the far field (bottom and edges). The fault plane is subdivided into patches of
2 km side. The elastic structure of the FE model was computed from the Vp and Vs data resulting
from tomography [20] and receiver functions studies [17]. Although the tomography by [20] is
one of the few tomographic studies of the region, it is rather coarse for our purpose since it is
referred to a regional scale, with horizontal resolution of 20–30 km and layers at 4/12/25/40/55 km.
The velocities were converted into elastic parameters using a density profile linearly increasing with
depth, as the Vp increases, ρ = 541 + 360Vp [34]. Each element of the grid was characterized by
independent constants without layering approximation [32]. The FE domain assumed the following
values: rigidity 20 GPa < μ < 63 GPa, Poisson coefficient 0.17 < ν < 0.33 and density 2400 kg/m3 < ρ <
3300 kg/m3. The fault plane was characterized by a smaller variability of elastic constants: 30 GPa
< μ < 40 GPa, 0.25 < ν < 0.31 and 2700 kg/m3 < ρ < 2900 kg/m3. Similar results were also obtained
along the AA’ profile perpendicular to the fault strike (Figure 5b). Once the FE model was set up,
elementary Green’s Functions were computed by applying unitary slips on each patch separately,
and the obtained surface displacements were recorded in a matrix. In this way, the slip distribution
was optimized in the heterogeneous medium. The full procedure was described in [32], while the
slip distribution was obtained through a linear inversion procedure based on the singular value
decomposition (e.g., [35]). The slip uncertainty was calculated according to the standard rules for
uncertainty propagation covm “ G´gcovdG´gT, where covm and covd are the variance/covariance
matrices of the observed data and model parameters, respectively, and G´g is the generalized inverse
of the linear system. The standard deviation of the slip is the root of the covm diagonal values.

The slip distribution is characterized by a main zone of slip concentration expanding along
strike between 12 km and 17 km depth (Figure 6a). The high slip zone is horizontally drop-shaped
and extends up-dip from the hypocenter. It becomes thinner and shallower in the SW part of the
fault. The maximum slip amounts to 8.4 m, and no significant slip is retrieved at shallow depths,
above 7–9 km depth, in accordance with previous findings (e.g., [13]). The fractures of the group FB
detected in Section 3.2 correspond to the vertical projection of the upper limit of the slip area in the SW
part of the fault. The high slip gradients at the edges of this area may have concurred to the generation
of these fractures. The errors associated to the slip distribution amount to few centimeters at shallow
depths and increase up to more than 1 m at the fault bottom (Figure 6b). The area of high slip is
characterized by uncertainties of 20–30 cm. The scalar seismic moment, determined by taking into
account the actual rigidity associated to each patch within the FE model, is 5.0 ˆ 1019 Nm, equivalent
to Mw 7.1.
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Figure 6. Fault slip distribution retrieved from geodetic data: (a) fault slip distribution; and (b) error
associated. The surface fractures are reported by purple lines, and the Van earthquake epicenter by the
green star.

Figure 7 shows comparisons between data and model. The datasets are rather heterogeneous,
being composed by four coseismic displacement maps having different characteristics in terms of
spatial coverage and associated errors, plus the GPS displacements. The whole pattern of the LOS
displacements is generally reproduced and the agreement between data and model is within the
related errors with percentages of 83.4% (CSK1), 99.8% (ENV1), and 95.6% (ENV2). Larger differences
are observed between the azimuth direction data and model (71.9% of residuals are within errors)
and GPS (only 52% within errors, full coverage residual map in Figure S8). The bad fit with GPS data
is due to the regional scale of the GPS network, extending behind the coseismic far field, and their
reduced weight in the misfit function. Even if positive residuals are found near Van, the NS data help
to reduce the single orbit constraint of CSK1, ENV1 and ENV2. This is particularly compelling due to
the specific fault orientation (~EW) of the Van earthquake fault.

Figure 7. Cont.
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Figure 7. Comparisons between observed data (first column) and predictions (second column) related
to the coseismic displacements of the Van earthquake. The residuals are observed minus modeled data
(third column): (a–c) CSK1 (1210 data points); (d–f) CSK azimuth data (891 points); (g–i) ENV1 (2317
data points), near field GPS displacement vectors are also reported (black, observed; red, computed);
and (j–l) ENV2 (896 data points). The green star is the hypocenter while the fault embedded in the FE
model is indicated in black, with slip contour each 2 m.

4. Post-Seismic Ground Deformation and Modeling

4.1. Post-Seismic Geodetic Data

Table 1 and Figure 8 report the CSK and TSX image pairs used to measure the post-seismic
displacements, selected from a larger number of images, including ENV (Table S1). We exploited the
SAR dataset (Table S1) by computing several post-seismic pairs. Complete multi-temporal processing
was not possible because of the low number of available acquisitions. The main problem with
the post-seismic InSAR results was the interferograms’ decorrelation due to the snow coverage and
atmospheric effects. To reduce the influence of these limitations, we selected a CSK pair with a temporal
baseline of only three days (and about 300 m for the normal baseline), whose master is 23 October 2011.
In this way, we minimized the decorrelation contribution due to the temporal baseline. Moreover,
we reduced the decorrelation noise by multilooking with a factor 11 in azimuth and in range, in order to
get a pixel ground dimension of 25 m. Once the differential interferogram was computed, filtering and
phase unwrapping were performed similarly to the coseismic data analysis. The obtained descending
interferogram (CSK2, Figure 8a) shows a belt of positive values (up to 11 cm LOS) in the hanging wall,
close to the fault trace. Some residuals due to atmospheric artifacts are present in the southern part of
the interferogram, quite far from the high displacement area. Few centimeters of negative deformation
are found in the northern part of the image. Another CSK interferogram is between the mainshock
and 15 November 2011 (CSK3, Figure 8b), with longer temporal baseline and showing values up to
16 cm LOS. However, the Edremit-Van earthquake (9 November 2011) is included in this temporal
span, and the displacement pattern located South of Van may be attributed to this Mw 5.7 event.
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Figure 8. Post-seismic InSAR results from CSK and TSX satellites: (a) CSK2; (b) CSK3; (c) TSX1;
(d) TSX2; (e) TSX3; and (f) difference between CSK3 and TSX2 (see text and Table 1 for details).
Master/slave dates are indicated, along with the days after the mainshock in brackets. The green star
is the mainshock epicenter and the purple star is the Edremit-Van earthquake epicenter (shown only if
included in the temporal baseline).

From the exploitation of the TSX dataset, we obtained two descending orbit interferograms
spanning from few days after the Van earthquake to few hours before the Edremit-Van earthquake
(TSX1, Figure 8c) and from before the Edremit-Van earthquake to 20 November 2011 (TSX2, Figure 8d).
We use the same multilook factor as CSK, 11, in range and azimuth. TSX1 shows a pattern similar
to CSK2 and CSK3, with highest LOS displacements close to the shore of Lake Van, North of Van.
The signal in TSX2 between Van and the shore may be associated to the displacement due to the
Edremit-Van earthquake. Only one pair of ascending TSX images provided good results in terms of
coherence (TSX3, Figure 8e). The map shows displacements strongly affected by both the post-seismic
deformation of the Van earthquake and the deformations due to the Edremit-Van earthquake. As a final
remark, we exclude that the observed signals are due to atmospheric artifacts since the post-seismic
deformation is found in all the interferograms in Figure 8.

In order to obtain a better representation of the temporal evolution of the Van earthquake
post-seismic deformation, we attempted to remove the geodetic signal of the Edremit-Van earthquake
by subtracting the TSX2 displacements from the CSK3 displacements. The CSK3 image spans from the
mainshock to 15 November 2011, while the TSX2 master image was acquired few hours before the
Edremit-Van earthquake and the slave image is dated 20 November 2011. In this process we assumed
that the CSK and TSX satellites had the same LOS (there are few degrees of difference in the looking
angles) and that the five-day difference between the two slave images carried negligible post-seismic
displacement. In this way, we obtained a map of 17-day displacements from the mainshock to the
Edremit-Van earthquake, excluding the latter. The result, shown in Figure 8f, has an oblique belt of
positive displacements near the fault trace, similarly to the three-day post-seismic interferogram CSK2,
to TSX1 and to the original CSK3 (Figure 8a–c). High positive displacements are located close to the
Lake Van shoreline, near the town of Bardakçi, for a maximum amount of 14 cm. The area corresponds
to the place of surface ruptures as documented by [7], and confirmed by this work.
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4.2. Afterslip Modeling

To study the post-seismic phase of the Van earthquake we assumed that the ground displacements
were generated by the afterslip on the coseismic fault. The afterslip distributions are computed
by means of the FE model adopted in the coseismic phase. The three-day afterslip constrained
by CSK2 (Figure 9) shows a shallow distribution that extends from Lake Erçek, where it reaches
~30 cm, toward the WSW close to Lake Van. The high slip patch is shallow, between 1 km and
7 km, in opposition to the coseismic results in Figure 6. The slip distribution uncertainty is shown
in Figure S9. The geodetic moment, computed using the actual rigidity values on the fault, amounts
to 9.8 ˆ 1017 Nm, corresponding to an equivalent Mw 5.9 (similarly to [13]). A band of positive
residuals is found near and across the fault trace (Figure 9c), while in the northern area (hanging
wall) the residuals are lower and negative. The residuals are at 78.9% within the data error (1.5 cm).
These residuals may imply different fault geometry at shallow depths.

 
Figure 9. Post-seismic InSAR data and modeling (three-day temporal baseline): (a) subsampled
CSK2 data (step of 500 m, 5660 data points); (b) modeled LOS displacements and the fault afterslip
contour each 10 cm; (c) residuals (observed minus modeled data); and (d) related afterslip distribution.
The green star is the mainshock epicenter.

Results from the afterslip computations related to the 17-day displacements are shown in Figure 10.
The afterslip distribution shows two separate areas of slip concentration, both in the upper part of the
fault, above 9 km depth. The larger one is located in the eastern part of the fault, and broadens the slip
pattern already found in the first three days, reaching about 40 cm of slip. The second is located in
the very shallow fault, at 3–4 km depth in the western sector of the fault, close to Lake Van. Data and
model show quite similar patterns, but an area of positive residuals is found between Bardakçi and
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Van. Unfortunately, the inverted data have low coherence in the high slip area (due to loss of coherence
of both satellites from which it is computed), where higher values were expected, according to the
inferred slip. The residuals are at 88.6% within data errors, considering a larger error (3 cm) due to the
procedure used to isolate the displacement for the 17-day temporal baseline. The computed geodetic
moment in the FE heterogeneous medium is 1.6 ˆ 1018 Nm, corresponding to Mw 6.1. The three-
and 17-day post-seismic energy releases amount to 1/50 and 1/30 of the coseismic energy release,
respectively. From the total energy released in 17 days post mainshock, ~60% was released in the first
three days. A further aseismic release of ~1019 Nm (equivalent to Mw 6.6) from the end of November
2011 for 1.5 years was computed [16].

Figure 10. Post-seismic InSAR data and modeling (17-days temporal baseline): (a) subsampled data
(step of 500 m, 1590 data points) computed from the difference between images CSK3 and TSX2
(see text for details); (b) modeled LOS displacements and the fault afterslip contour each 10 cm;
(c) residuals (observed minus modeled data); and (d) related afterslip distribution. The green star is the
mainshock epicenter.

5. Discussion

5.1. The 9 November 2011 Edremit-Van Earthquake

The Mw 5.7 Edremit-Van earthquake occurred offshore the town of Edremit, 15 km SW of
Van. This event caused 40 fatalities and further collapse of tens of already damaged buildings.
The earthquake, similarly to the event of 23 October 2011, took place on a fault that was not
previously mapped (e.g., [4]). This second mainshock originated a sequence with a M 5.0 aftershock on
30 November 2011. The Edremit-Van earthquake had a dominantly dextral strike-slip focal mechanism
(Figure 1). The conjugate planes’ ambiguity (~EW and ~NS oriented) was discussed by various
authors [2,10,12,15], generally endorsing the North dipping EW orientation, similarly to the mainshock
fault [36]. Furthermore, the aftershocks of the Edremit-Van earthquake were fairly distributed with
EW trend (Figure 1). The observation of the combined patterns due to different SAR orbits (TSX2,
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Figure 8d and TSX3, Figure 8e) contributes to resolve the ambiguity, supporting the EW orientation
hypothesis. Indeed, despite the ascending displacements (TSX3) includes part of the post-seismic data
of the mainshock, they show opposite patterns South of Van, confirming the ~EW dextral mechanism
(Figure 8 and profiles in Figure S10). The hypothesis of a NS strike slip fault at the epicenter longitude
would provide negligible displacement in this area.

The role of the 23 October earthquake in promoting the Edremit-Van earthquake of 9 November
was debated, discussing whether the latter is an aftershock of the mainshock or not. Computations
of the changes in Coulomb stress (Coulomb Failure Function, CFF, e.g., [37]) endorsed the active role
of the Van earthquake in promoting the Edremit-Van earthquake [12,15]. We simulated the variation
of CFF projected on the presumed Edremit-Van fault (oriented EW at Lat. 38.45˝N and extending
8 km ˆ 5.75 km, [33]), by taking into account the coseismic and post-seismic slip distributions (Figure
S11a). The whole Edremit-Van fault plane undergoes an increment of the CFF, supporting the possibility
that the Van mainshock may have promoted the earthquake of 9 November 2011.

5.2. Geophysical Insights and Hazard Implications from SAR Analysis

From the comparison between slip and rigidity distributions (Figure 11), we observe that the
high coseismic slip area expands from the hypocenter towards depths with higher rigidity. This is
in accordance with previous findings (e.g., [32,38]), since the slip concentrates in asperities zones.
However, in this case the rigidity shows long wavelength variations of only 22% along the fault plane
and the tomographic data is too coarse compared to the fault dimensions to quantitatively affect the
retrieved slip distribution. On the other side, good resolution structural data often evidence strong
heterogeneities at the fault scale, with short wavelength variations that impact on the obtained slip
distributions, either in case of continental earthquakes of moderate magnitude [32] or megathrust
events [38]. As a final remark, we may also notice that the aftershocks are not particularly dense in the
area of high coseismic and post-seismic slip but concentrate on the edges and on the bottom of the
coseismic slip.

The coseismic slip distribution shows a large concentration area at hypocentral depths (12–17 km)
with highest peak at about 14 km depth (Figure 11), and the rupture reaches only the depth of 8–10 km.
These results are common to other authors [11,13,15]. Based on similar coseismic results, it was argued
by [13] that the change of the Coulomb stress brought the upper, un-ruptured part of the fault closer
to failure. Our post-seismic data and modeling show that the shallow section of the fault underwent
considerable aseismic slip during the early days after the mainshock. Yet during the first 3 days after
the mainshock we retrieved few dozens of centimeters of afterslip in the upper part of the fault close
to Lake Erçek. During the following weeks, the slip has continued to increase in the same area, and a
slip concentration patch appeared close to the western corner of the fault, near the Lake Van shore.
Therefore, we argue that all the upper part of the fault accommodated aseismic slip. The shallow
aseismic slip has continued also for the following 1.5 years, based on GPS data [16]. The afterslip in the
upper section of the fault released an equivalent Mw 6.1 in the first 17 days after the mainshock and a
further Mw 6.6 in the following 1.5 years (computed from the end of November 2011). This partially
compensate the shallow slip deficit observed right after the mainshock, and overall, our results show
the lowering of the seismogenic potential within the first 8–10 km of the fault through the release of a
significant amount of energy during the post-seismic phase. We have also shown that shallow afterslip
occurred along the full length of the fault and not only in the western sector as suggested by [16],
whose results were probably biased by the partial coverage of the GPS network in the area near Lake
Erçek, and by [13,14] using the three-day post-seismic image CSK2.

We simulated the variation of CFF by taking into account the coseismic and post-seismic slip
distributions. The Coulomb stress change within the first 10 km of the fault observed in section
AA’ (e.g., Figure 3) results to be positive (i.e., earthquake occurrence enhanced), even including the
post-seismic afterslip (Figure S11b). This is due to the difference of one order of magnitude between
the coseismic and post-seismic scalar moments, which implies that the stress drop due to the aseismic
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slip cannot shadow the positive coseismic stress changes. However, we may account for several factors
that may contribute to reduce the seismic hazard at shallow depths. As an example, the velocity
strengthening characteristics of the shallow crust promotes faster falloff of slip velocity behind the
rupture front and a decrease of slip towards the free surface (e.g., [39]). Therefore, limited slips are
expected in the first kilometers below the free surface, further reducing the seismic potential. In our
computations the shallow velocity strengthening characteristics, as feasible for the entire area east of
Lake Van consisting of accretionary complex materials [40], are not taken into account. Furthermore,
other post-seismic mechanisms such as viscoelastic and poroelastic behaviors may contribute to the
post-seismic response, reducing the seismic hazard of that sector. Unfortunately, there is no detailed
knowledge of the local structure and these possibilities cannot be fully investigated.

Figure 11. Coseismic and post-seismic results: (a) 3D view of the Van earthquake fault from the NW.
Coseismic slip (white lines, contour every 2 m) and the post-seismic slip (red and black lines are three
and 17 days after the mainshock, respectively, contour every 10 cm) superimposed on the rigidity
heterogeneities of the fault plane within the FE model. Aftershocks hypocenters within 4 km from
the fault are shown by ochre spheres; (b) AA’ profile (see Figure 5a) across the traces of the main fault
(F1) and the splay fault (F2). The colors are: CSK2, black; CSK3, blue; TSX1, grey; TSX2, yellow; TSX3,
green; and the difference between CSK3 and TSX2, red. The green star is the Van earthquake epicenter.

We adopted only one fault in our inversions. Elliott et al. [13] resolved the slip on a pair of en
echelon fault planes, based on the local morphology and the fault strike detectable in the CSK coseismic
interferogram (Figure 4a). Their slip distribution shows two lobes, one on each fault, decreasing at
the central border due to the sharp change of the fault dip. The existence of a reactivated aseismic
fault, constrained by the GPS post-seismic data, was supposed [16]. Such splay fault extends from the
western edge to the middle of the coseismic fault trace, shifted 7–8 km to the South. This secondary
fault is supposed to join the main rupture at about 500 m below the surface, and using only GPS data
the afterslip is found to be distributed both on the main and splay faults [16]. As mentioned above,
even the relocated aftershocks [2] are too scattered and cannot be used to visualize more detailed
features such as main fault segmentation and/or splay faults, especially those very shallow. Field
observations and InSAR fringe patterns do identify minor surface fractures, as it occurs in many
earthquakes but their direct relation to the mainshock rupture is far from clear. To better understand
the InSAR contribution to the presence of the splay fault, Figure 11b reports all the post-seismic InSAR
data along the AA’ profile (as shown in Figure 3), where F2 is the trace of the presumed splay fault
(as depicted by [16]) with ˘1 km uncertainty. Most of the patterns show a high gradient close to F2.
This secondary plane seems actually to cause a discontinuity on the surface displacements, but nor the
seismicity and other geophysical data constrain its depth. Given the limited independent knowledge
about the local fault system, we did not attempt to set up inversions of complex faults (i.e., double
and/or listric faults), and eventually we adopted a single fault plane.
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6. Conclusions

We have analyzed a large dataset of SAR images in order to study the coseismic and post-seismic
phases of the Van earthquake sequence. Only few good quality interferograms resulted to be fruitful
to constrain the slip distributions. Following the approach outlined in [32], we built a FE model of the
Van earthquake that includes the structural information of the Van region. We computed coseismic
and post-seismic slip distributions from the numerical model-based inversions.

We have here attempted to improve previous findings (e.g., [3,13–15]) employing most of the
available geodetic data (InSAR and GPS) to constrain the slip characteristics of the Van Earthquake.
Our approach, along with the employment of new-generation FE models, was aimed to contribute
to the knowledge of the seismic hazard of the region. Our method allowed us to disclose further
characteristics of the Van sequence, and to provide new insights for the regional/local risk assessment.
The main new outcomes of our study are that the shallow part of the fault (above 7–9 km depth),
unruptured during the coseismic phase, underwent afterslip in the post-seismic phase that may have
reduced the seismic potential in its whole length from NW to SE. Furthermore, from the analysis of the
InSAR data we were able to discuss the existence of a reactivated aseismic fault, that actually caused a
discontinuity in the SAR profiles, previously hypothesized by means of few GPS [16].

As a conclusive remark, despite non-optimal data coverage (only single-orbit good-quality data
available in the coseismic phase and for which coherence issues in the X-band post-seismic phase
prevented the use of time series processing), we demonstrated that useful information could still be
retrieved from SAR data through a detailed analysis.

Supplementary Materials: The following are available online at www.mdpi.com/2072-4292/8/6/532/s1.
Figures S1 and S2: Wrapped InSAR images from ENVISAT satellite, Figure S3: Unwrapped adjacent coseismic
InSAR data, Figure S4: PPD functions obtained from the non-linear fault inversion, Figure S5: Two-dimensional
PPD distributions, Figure S6: Comparisons between observed and computed data of the coseismic displacements
in the non-linear inversion, Figure S7: Full-scale map with GPS as computed in the non-linear inversion, Figure S8:
Full-scale map with GPS as computed in the linear inversion, Figure S9: slip uncertainty distributions for the
post-seismic analysis, Figure S10: Profiles of the InSAR data across the faults, Figure S11: CFF computations for
the Edremit-Van earthquake, Table S1: Characteristics of all the SAR images acquired.
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and Volker Hochschild 1

1 Department of Geosciences, University of Tuebingen, Rümelinstr. 19–23, 72070 Tübingen, Germany;
joachim.eberle@uni-tuebingen.de (J.E.); volker.hochschild@uni-tuebingen.de (V.H.)

2 Municipal Museum of Ústí nad Labem, Masarykova 1000/3, 400 01 Ústí nad Labem, Czech Republic;
varilova@muzeumusti.cz
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Abstract: Frequently occurring landslides in Ethiopia endanger rapidly expanding settlements and
infrastructure. We investigated a large landslide on the western escarpment of the Main Ethiopian
Rift close to Debre Sina. To understand the extent and amplitude of the movements, we derived
vectors of horizontal displacements by feature matching of very high resolution satellite images
(VHR). The major movements occurred in two phases, after the rainy seasons in 2005 and 2006
reaching magnitudes of 48 ˘ 10.1 m and 114 ˘ 7.2 m, respectively. The results for the first phase were
supported by amplitude tracking using two Envisat/ASAR scenes from the 31 July 2004 and the
29 October 2005. Surface changes in vertical direction were analyzed by subtraction of a pre-event
digital elevation model (DEM) from aerial photographs and post-event DEM from ALOS/PRISM
triplet data. Furthermore, we derived elevation changes using satellite laser altimetry measurement
acquired by the ICESat satellite. These analyses allowed us to delineate the main landslide, which
covers an area of 6.5 km2, shallow landslides surrounding the main landslide body that increased the
area to 8.5 km2, and the stable area in the lower part of the slope. We assume that the main triggering
factor for such a large landslide was precipitation cumulated over several months and we suspect
that the slope failure will progress towards the foot of the slope.

Keywords: Ethiopian rift; Tarmaber area; Debre Sina; large landslide; feature tracking; amplitude
tracking; DEM differencing; ICESat

1. Introduction

Deformation of the Earth’s surface caused by various geodynamic processes represents a serious
hazard for settlements and infrastructure. In the last few decades, remote-sensing techniques have
proven to be an effective tool to identify and monitor surface deformations of glaciers, permafrost and
landslides. Correlation techniques of consecutive optical space-borne images results in displacement
vector fields, which provide valuable information on the character of the movement [1–3]. These
techniques are based on image windows correlation in space domain [4] or frequency domain [5,6].
The accuracy of these approaches is by the rule of thumb on order of pixel size of the correlated image
data [2]. However, recent studies have shown that an accuracy of one-fourth to one-fifth of a pixel
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size can be achieved provided VHR stereo pairs are available [7,8]. Furthermore, Differential SAR
interferometry (DInSAR) techniques were successfully used for investigation of landslides, e.g., [9–11].
The use of this technique is, however, limited by temporal decorrelation, terrain setting and orientation
and by relation of the movement velocity to the used radar frequency [12]. Amplitude tracking is
another technique for movement detection based on SAR (Synthetic Aperture Radar) data. Unlike
DInSAR it is based purely on the amplitude information. This technique is often used for glacier
monitoring [13–15]. In this approach, the movement velocities can be measured independently from
the movement direction with respect to the range direction and additionally, the coherence of the
image pair is not required [13]. A time series of DEMs extracted form historical photographs were
used to capture morphological change caused by a landslide by [16,17]. The difficulties caused by the
limited ground control and missing camera calibration protocol can be solved by the application of
self-calibrating bundle adjustment methods [17]. It was demonstrated by [18] that DEM differencing
using DEMs derived from VHR satellite data can be effectively used to investigate mass displacement
of large landslides. This technique is also effective for a delineation of large landslides [18].

Slopes of the Ethiopian Highlands are frequently affected by landslides of various types, which
often lead to eviction of inhabitants, damage to housing, infrastructure and arable land and even
loss of human lives [19,20]. Most of the landslides in this region, including the largest ones, are
triggered by heavy precipitation occurring at the end of the rainy periods in July and August [21],
whereas earthquakes mainly trigger fast moving slope failures such as rock slides, topples and
falls [19]. An extraordinarily large slope failure occurred in the Yizaba locality of the Tarmaber area
north of the town of Debre Sina (Figure 1). The landslide has been studied by [22] who mapped
susceptibility zones, analyzed precipitation, described basic geological site settings and pointed out
earthquakes in Afar Rift as the probably main triggering factor. Field hydro-geological investigations
and geophysical sounding were reported by [23]. There are some substantial discrepancies in the
reported extent and evolution of the Debre Sina landslide. Several opinions regarding the dating of
the major sliding phases can be found in literature. The occurrence of the first cracks was dated as
21 August 2005 by [24], while [25] reports September 2005. Based on eyewitness accounts, [23] states
that the formation of tension cracks had already occurred in August 2004. The major sliding event was
dated as 13–14 September 2005 by the report of Action by Churches released in 2006 (in [22,26]). This
is in accordance to [24] who reports 13 September 2005, while September 2006 is reported by [24,25].
We suppose that the major movements occurred in two phases as [23] reports two major movements
in September 2005 and in September 2006 based on interviews with local inhabitants.

In this study, we aim at demonstration of the potential of optical and microwave remote sensing
techniques in combination with DEMs for investigation of the extent, evolution and properties of a
large landslide.
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Figure 1. The study area is located on the western escarpment of the Main Ethiopian Rift close to the
trunk road that connects Addis Ababa with the northern regions of the country. The nominal ground
track of ICESat is shown as a light blue dotted line.

2. Study Area

The Debre Sina landslide is located on the western escarpment of the Main Ethiopian Rift (MER)
(Figure 1). The rift escarpment is formed by sequences of tertiary volcanic rock formations. The study
area is characterized by rugged relief, with rock outcrops, deeply dissected creeks and channels but
also by less steep areas with terraced arable land (Figure 2).
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Figure 2. Panoramic view of the Debre Sina landslide from the SE (above) and E (below) with examples
of characteristic geodynamic features within the main landslide body and its close surroundings:
rockfalls (a); gully erosion along the Dem Aytemashi River and its tributaries (b); rotational landslides
(c); debris flows (d); shallow landslide and earthflow (e); and displaced rock blocks with well-marked
scarp lines (f). The estimated position of the shear plane outcrop is shown as a blue line. All photos
were taken in March 2015 by Zuzana Vařilová.

The bedrock in the lower part of the slope consists of alternating layers of basalt, rhyolitic or
trachytic ignimbrites as well as tuffs and agglomerates of different volcanic material (Alaje formation),
which is overlaid by basalts of the Tarmaber formation in the head scarp area of the Debre Sina
landslide. The ignimbrites and tuffs of the Alaje formation, in particular, are highly altered and
intensely weathered [22,23]. The slopes with lower inclination are covered by Quaternary sediments
(alluvial, colluvial-eluvial deposits and residual soils). The landslide is located in a tectonically
active area with an extension character [24]. The predominant direction of discontinuity (faults and
lineaments) orientation is WSW-ENE (NW-SE) [23]. The major faults on the western boundary of the
rift can have occasional earthquake tremors leading to activation of unstable ground [23]. The study
area is located in a high seismic risk zone [27–29]. Fifteen earthquakes with magnitudes ranging from
4.1 to 5.9 were registered in the surrounding area within 200 km of distance since 1980, while in the
relatively small area of the Affar depression, which is located 280 km North from the study area, 170
shakes with magnitude > 4.0 have occurred since 2005 [30]. Historical records from the past 150 years
show that no large magnitude earthquake occurred in MER [31]. The precipitation in the area follows
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the general pattern of the Ethiopian Highlands. After a long dry period the precipitation increases
in March, April and May followed by the main rainy season in July, August and September. The
mean annual precipitation measured in Debre Sina station for the period 1990–2013 is 1750 mm, while
the mean precipitation in the period from July to September is 1035 mm. Due to the high elevation
gradient in the study area the climate in the upper part is considerably colder and wetter [23]. The
landslide area is drained by the Dem Aytemashi River towards the north and later to the east towards
the Awash River. The drainage pattern of the basin probably follows tectonic predisposition.

3. Methods

3.1. Estimation of Vertical Changes by Subtraction of Two DEMs

To understand changes in mass distribution due to the land sliding pre- and post-event DEMs
were compared. A cell-by-cell subtraction of post and pre-event DEMs provides a straightforward
way of obtaining positive and negative elevation differences corresponding to accumulation or
depletion, respectively.

As we could not find VHR satellite images older than 2005, we used aerial photographs from 1986
to build a pre-event DEM. Black and white contact copies of three photographs covering the study
area were scanned at a resolution of 1025 dpi, which resulted in a ground resolution of approximately
1 m, and were supplied on a DVD by the Ethiopian Mapping Agency. As no calibration protocol
and accurate GCPs were available to allow us to calculate the internal and external orientation, we
could not carry out the processing using traditional photogrammetry. Instead we used the Structure
From Motion (SFM) approach [32,33] implemented in the PhotoScan v 1.0.4 software package. The
acquisition geometry was reconstructed by an iterative bundle adjustment without reference to the
cartographic coordinate system. The resulting point cloud was georeferenced a posteriori using 25
GCP identified in VHR imagery in Google Earth as no Differential Global Positioning System (DGPS)
measurements were possible. The root mean square error (RMSE) calculated from residuals of 7 check
points, also collected in the Google Earth, were 4.9, 5.5 and 10.6 m in x, y and z directions, respectively.
The advantage of this approach is that the inaccuracy of GCPs does not affect the internal geometry of
the model. In the next step, the georeferenced point cloud with the mean density 0.83 points/m2 was
converted to a raster DEM with a resolution of 2.5 m. Furthermore, an ortho-image with a resolution of
1 m was generated to complete the time series of VHR images with an image capturing the pre-event
situation (Table 1). The high resolution pre-event DEM allowed us to analyze the morphology of the
original terrain including theoretical surface runoff. We generated a Topography Wetness Index (TWI)
(Figure 3) [34] representing potential infiltration, which is a relevant parameter for addressing the
development of a slope failure [35,36].

To build a post-event DEM we used an image triplet acquired by the PRISM instrument carried by
the Japanese satellite ALOS on 19 November 2008. This satellite was launched in 2006 and is dedicated
to cartography and disaster monitoring. The triplet consists of three images taken by backward, nadir
and forward pointing cameras which enable stereo-processing [37]. We processed the data using the
Leica Photogrammetry Suite version 9.3. The resulting PRISM DEM has a resolution of 10 m. The
resulting RMSE on nine check points collected from Google Earth 6.1, 6.5 and 7.4 m in the x, y and z
directions, respectively. This value is, however, strongly influenced by the accuracy of the reference
satellite imagery. Additionally, an ortho-image with grid spacing of 2.5 m was generated employing
the SRTM DEM as the elevation reference. The use of the PRISM DEM led to an identical result even
over the area of the landslide. We opted for the SRTM DEM as the PRISM DEM includes some artifacts
in the areas of cloud cover.
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Table 1. High-resolution satellite images covering the study area. RMSE after co-registration of the
orthorectified images with respect to the Ikonos-2 image from 14 December 2005.

Satellite/Sensor
Acquisition

Date

Corresponding
Rainy

Season

Resolution
PAN/MS

(m)

Off-Nadir
Angle

(Degrees)

Sun
Elevation.
(Degrees)

RMSE of
Co-Registration

(m); (No.
Points)

Air photos 27 November
1986 1986 1.0 - - 6.3; (16 points)

Ikonos-2 14 December
2005 2005 0.8/4.0 17.5 52.0 -

Ikonos-2 05 June 2007 2006 0.8/4.0 10.6 65.9 0.88; (12 points)
Kompsat-2 27 January 2008 2007 1.0/4.0 0.0 0.67; (88 points)

WorldView-1 22 December
2008 2008 0.5 19.5 51.7 1.60; (123 points)

QuickBird-2 18 May 2010 2009 0.6 10.2 66.7 1.90; (62 points)

GeoEye 25 November
2012 2012 0.46 20.4 54.9 1.94; (143 points)

WorldView-2 27 May 2014 2013 0.46/1.84 9.6 69.5 1.75; (31 points)

 

Figure 3. The pre-event DEM extracted from aerial photographs is shown as a slope inclination image
overlaid with drainage (a); Topographic Wetness Index derived from the pre-event DEM shows large
zones of potential infiltration above the southern part of the landslide, marked by the blue ellipse (b).
The contour of the active main landslide body is in red.

The two models were accurately co-registered in a horizontal direction using piecewise linear
transformation in AutosSync Workstation. In this approach, the triangular areas between the tie points
are fitted using the first order polynomial. The RMSE of the co-registration in horizontal direction
calculated from residuals on the used tie points was 4.6 m. This figure indicates the amount of the
residual discrepancy in horizontal direction between the two DEMs. The uncertainty of the DEM
differencing was assessed as the RMSE of vertical differences on 43 randomly spaced points in the
off landslide area. This resulted in the value of 3.6 m. The tie points were automatically identified in
the ortho-images produced during the derivation of the two DEMs, which provide abundant image
structures for point identification. This way the problem of tie point identification between two DEMs,
which provide no suitable patterns for feature matching, was circumnavigated. Both ortho-images and
both the DEMs were resampled to 2.5 m beforehand which is the resolution of the DEM from the aerial
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photographs and also approximately of the PRISM ortho-image. Residual distortions of the pre-event
DEM in a vertical direction were modeled by a second order polynomial fitted to a regular grid of
20 ˆ 20 points representing the elevation differences between the two DEMs. Points falling onto the
landslide as well as points with outlying values of elevation difference were excluded from the fitting.
The higher polynomial order was needed to account for a non-linear distortion of the pre-event DEM
probably due to an inaccuracy of the fitted camera model.

3.2. Vertical Elevation Differences Derived by ICESat

The study area is crossed by one nominal ground track of ICESat (Ice, Cloud, and land Elevation
Satellite) (see Figure 1). The single repeat tracks do not exactly match the nominal nadir track
because the ICESat’s precision spacecraft pointing control was not used in the mid latitudes (NSIDC
2015). The maximum spread of ground tracks reaches 2.0 km over the study area. The GLAS
instrument (Geoscience Laser Altimeter System) on-board ICESat measured the surface elevation of
signal footprints with a diameter of 70 m along the nadir tracks each 172 m. The data were acquired
every 3–6 months during 18 one-month campaigns between 2002 and 2009. The elevation is derived
from the two way travel time of the emitted laser pulse and from the position of the satellite. Data
records containing the elevation are provided by NSIDC (National Snow and Ice Data Center). We
used the ICESat product L2 Global Land Surface Altimetry Data denoted as GLA14, release 34 [38].
This satellite mission was primarily dedicated to monitoring atmospheric aerosol and ice sheets with
monotonous terrain and low inclination. We followed an approach that has been successfully used for
mountain glaciers with a similar size and topography to large landslides [39–41].

To derive the elevation changes over the landslide body we calculated differences of the ICESat
elevation measurements with respect to the pre-event SRTM DEM for each ICESat point. The elevation
corresponding to the ICESat measurements was obtained using bi-linear interpolation of elevations of
the four neighboring cells in the SRTM DEM. To account for the effect of clouds we discarded all points
with the elevation difference > 200 m. Furthermore, we selected points acquired after the initial sliding
event given by several authors as being on 13 September 2005 over the study area. This resulted in
40 point measurements distributed mainly over the accumulation area of the landslide. For a reliable
estimation of the elevation differences the two datasets were accurately co-registered following [42].
The horizontal shift of the SRTM DEM with respect to the ICESat dataset was estimated as being 30
meters with an azimuth of 31 degrees. This shift was removed by an adjustment of the reference
coordinated from the SRTM DEM dataset. As the ICESat elevation is referred to the TOPEX/Poseidon
Ellipsoid we subtracted the geoid height provided in the ICESat data records and applied a conversion
to the WGS84 ellipsoid following [43] to obtain an elevation coherent with the elevation contained
in the SRTM DEM dataset. The error ranges were estimated following [44]. The resulting elevation
differences on the ICESat points were compared to the results of the DEM differencing. To assess the
uncertainty of the vertical offsets the differences between ICESat measurements and the SRTM were
averaged for the same ICESat track over a distance of 70 km stretching over both plains and slopes
including 4600 points. This resulted in a mean difference of ´1.8 m and standard deviation of 11.6. A
threshold of the elevation difference of 100 m was applied beforehand to sort out ICESat measurements
affected by clouds and atmospheric noise [41].

3.3. Mapping of Surface Features from the Time Series of Optical Satellite Data

Surface features and patterns identified on remote sensing images of landslides can reveal
information on their origin and controlling mechanisms [7,45]. A time series of VHR images was used
to analyze the evolution of the slope failure (Table 1). These features are commonly mapped using
aerial or drone photographs [45–47], however, the large scale of the Debre Sina landslide allowed
us to use also satellite images (Figure 4). We assembled a time series of VHR scene subsets for the
landslide and surroundings from the archive of DigitalGlobeTM and from the European Space Agency
(the entire scene from Kompsat-2). The images document slope deformations in the period from
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2005 to 2014. Only the WorldView-2 image from 2014 was partially cloud-covered (11%). Apart from
the WorldView-1 image, which has only a panchromatic band, all of the images are composed of a
panchromatic band, three visible bands, and one near infrared band.

The first image was acquired only three months after the presumed initial slope failure that
occurred in September 2005 [22]. The images were delivered in a pre-processed form, which means
that standard radiometric and geometric corrections have already been applied. The images were
ortho-rectified in Leica Photogrammetry Suite (LPS) applying the Ratio Polynomial Coefficients
approach using a set of 6 GCPs and 6 check points identified in GoogleEarth in the areas around the
body of the landslide. We used a post-event DEM derived from ALOS/PRISM data from 19 November
2008 as the elevation reference. To check the influence of the DEM on the spatial accuracy of the
ortho-images, we generated two ortho-images from QuickBird-2 data for 2010 using the post-event
PRISM DEM and the global SRTM DEM with grid spacing of one arc second corresponding to 30
meters [48,49]. The ortho-images were compared by feature matching in AutoSync, which is included
in the Erdas Imagine software package. The influence of the choice of the DEM appears to be low as
the RMSE of the identified homologous points was 4.42 m for the area of the landslide and 2.28 m for
an adjacent area.

 

Figure 4. Comparison of ortho-images from aerial photographs taken on 27 November 1986 (a) and
from Kompsat-2 taken on 27 January 2008 (b) for an area in the upper part of the landslide (For its
position see the Section 4.2). The main scarp, secondary scarps and open cracks are clearly visible. The
scarps facing the SE appear as bright lines, whereas the open cracks and scarps facing the E and NE
(back-scarps) are dark. The position of the subset is indicated in the Figure 7.

The ortho-image of Ikonos-2 from 2005 is affected with a higher uncertainty in position as there
is no DEM available capturing the landslide surface between the two major phases. Since we used
the post-event DEM for the orthorectification, the error in position can in theory reach up to 3.1 m per
10.0 m meters of elevation difference as the off-nadir angle of the acquisition was 17.5˝. Assuming the
maximal horizontal difference of 25 m, which is the half of the maximal difference resulting from both
the major movement phases, we can estimate the uncertainty of the Ikonos-2 image from 2005 due to
the DEM as 6.0 m.

As we used ground control with unknown accuracy, we could not guarantee a high absolute
positional accuracy of the ortho-images. However, our aim was to derive information on the relative
movement of the landslide surface with respect to the stable surrounding terrain. This could be
achieved by an accurate co-registration of the ortho-images before the application of feature tracking.
We applied an automatic tie point identification and co-registration using polynomial adjustment in
AutoSync. The Ikonos-2 image from 2005 was used as the master image (Table 1).
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To assess the residual error a set of tie points between each image and the Ikonos-2 image from the
year 2005 was identified in the off-landslide area. These tie points were selected independently from
the previously used ground control points (GCPs). The RMSE of the residuals on the tie points was <2
m for all of the ortho-images (Table 1). The ortho-image from the aerial photographs that captured the
situation before the first movements (described below), and is thus the first image of the time series,
was co-registered in the same way. In this case, the RMSE was higher (6.3 m).

The accurately co-registered ortho-images allowed us to map in detail a number of surface features
indicating the mass movement. The main scarp, minor scarps, small water bodies and a large number
of cracks were identified and mapped. Contrast manipulation and RGB combinations of the visible
and near infrared bands were used to fully exploit the potential of the images. The cracks already
identified in a previous image and shifted to a new position were not mapped twice but only in the
image of the first occurrence. The mapping was validated during a field trip in March 2015 (Figure 5).

 

Figure 5. The main scarp of the Debre Sina landslide, which is bordered from above by an old
scarp now covered by shrubs (a); A large block of weathered volcanic rock, which was displaced by
approximately 90 meters (b); Back-scarps in the main landslide body can reach up to 15 m in height (c).
All photographs were taken by Zuana Vařilová in March 2015.

3.4. Estimation of Horizontal Displacement by Feature Tracking in Optical Satellite Data

Following [7,33,50] we applied an automatic approach for the extraction of vectors of horizontal
surface movement of a landslide from a time series of remote sensing images. We used feature tracking
in a frequency domain implemented in the COSI-Corr tool [5] to automatically extract the magnitude
and azimuth of the surface displacements. The images of the time series (Table 1) were down-sampled
to 4 m to minimize the effects of small noisy features and each two consecutive images were matched.
Feature matching in frequency domain with initial and final window sizes of 32 and 128 pixels,
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respectively, was applied in a regular grid with spacing of 128 m. The resulting movement vectors have
to be checked for outliers [7]. The vectors of excessive length and direction not following the slope
inclination were checked against the satellite images and in the event of a discrepancy were manually
discarded. The error of displacement magnitudes due to the image co-registration was estimated as
the RMS of amplitudes in the off-landslide area, which yields 4.0 m for 2004 (Kompsat-2 and Ikonos-2)
and 8.9 m for 2005 (aerial photographs and Ikonos-2). The total error of the displacement magnitudes
was calculated taking into the account also the error due to the used DEM (6.0 m), which yielded 10.1
m and 7.2 m, respectively.

The matching of Ikonos-2 images from 2005 and 2007 provided poor results. This was due to the
difference in phenology and illumination conditions as the 2007 image was acquired in June while
most of the other images were taken in winter. The next image of the time series was used instead
(Kompsat-2 image from 2008). As a visual check of the shifts between the Ikonos-2 from 2007 and
Kompasat-2 images revealed no changes, the resulting vectors represent the movements after the
rainy season in 2006. We calculated the gradient of the displacement fields to better understand the
kinematics of the landslide. We applied a simple approach based on plane fitting to the values of
displacement in a floating window 3 by 3 pixels using the Least Square technique. To account for the
noise, the displacement images were median filtered beforehand. The gradient was estimated as the
range of the fitted values and converted to m/m units.

3.5. Estimation of Horizontal Displacement by Amplitude Tracking in Microwave Domain

Two ascending scenes, acquired by ASAR (Advances Synthetic Aperture Radar) instrument
on Envisat on 31 July 2004 and 29 October 2005, were obtained from the archive of the ESA. The
first represents the situation before the slope failure while the second corresponds to the time
period between the initial and the second movement. To account for the inaccuracies in the
orbital parameters a co-registration with sub-pixel accuracy was applied to the image pair using
cross-correlation function in 32 ˆ 64 window. Surface displacements in slant and azimuth directions
between the scenes were detected using the amplitude tracking module of the GAMMA software
package. SAR amplitude tracking is a suitable method for measuring surface displacement over
landslides [51]; however, its results are sensitive to the search window size, which in theory should not
be less than the estimated ground displacement [15]. Different window sizes for different SAR
sensors were tested and discussed for glacier studies by [15]. In this study, a window size of
32 ˆ 64 single-look pixels was used, which corresponds to approximately 640 m in the ground-range
direction and 256 m in the azimuth direction. Following [51] a high signal to noise ratio (SNR) value of
11 was applied to ensure high coherence. The resulting displacements in range and azimuth directions
were projected to the horizontal plane using the local incidence angle and then converted to magnitude
using Euclidean geometry. Further, the magnitudes were checked for outliers and manually corrected.
The gaps were closed using ordinary kriging [52] interpolation which resulted in a regular grid of
displacement values with grid spacing of 120 m. The arrows in the off-landslide area is probably due
to the difference of velocities as the size of the processing window is optimized to certain displacement
magnitude and can therefore produce noise in the area of no movements [10].

4. Results

4.1. Structural Predispositions for the Mass Movements in the Area

An expert-based morphostructural analysis of the MER escarpment around Debre Sina using
SRTM DEM revealed major morpholineaments striking SSW-NNE (Figure 6). These topographic
features most probably represent traces and scarps of tectonic (normal) faults related to the African
rift, which also provide evidence of an extensional regime in the area of the landslide. Several minor
morpholineaments striking NE-SW, NW-SE, E-W, and N-S are dissected by the major ones and are
probably of older age.
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Areas affected by slope failures were indicated by large concave scarps, irregular instead of
strata-controlled topography, and a convex slope foot, etc., and they were also mapped by the
morphostructural analysis of the SRTM DEM. The results revealed an extremely large extent of
gravitational slope failures in the broader area of the MER escarpment (Figure 6); slope failures covered
approximately 126 km2 of study area, which is approximately 12 % of the area shown in the Figure 6.
These morphologically significant slope failures are mostly represented by rotational deep-seated
rockslides and large earthflows.

 

Figure 6. Morphostructural analysis of the SRTM DEM of the surroundings of the Debre Sina landslide
revealed a number of areas affected by old deep seated slope failures of the MER escarpment.

4.2. Surface Morphology and Extent of the Landslide

A detailed look at the Debre Sina landslide using satellite images (Table 1) revealed a pattern of
topographic features on the main body of the slide, as well as the relatively shallower subsequent
slope failures (Figure 7). The field survey revealed that the majority of the mapped cracks featured
a vertical displacement, i.e., they represent scarps or back-scarps (Figure 5). Most of the scarps and
open cracks were found on the first and second images of the time series (Table 1), corresponding to
movements after the rainy seasons of 2005 and 2006. Several cracks appeared after the rainy season of
2007. No cracks were found on the later images indicating that no major re-activation has occurred
since 2007. The shape of the cracks indicates the rotational character of the movement in the upper
part of the affected slope.

According to our observations, especially on zones of high displacement gradients, the extent
of the main landslide is approximately 6.5 km2. The lower margin of this zone marks the presumed
outcrops of the shear plane of the main landslide. The total area of the Debre Sina landslide, including
the relatively shallow subsequent landslides, is 4.7 km in an N-S direction and 3.5 km in an E-W
direction, which is approximately 8.5 km2. The elevation difference between the crown and the toe
is approximately 500 m, taking into the account only the main landslide. The subsequent landslides
reached the bottom of the valley, which is 150 m lower. The maximum estimated thickness of the active
main landslide body is approximately 150–200 m according to the interpretation of the topographic
profiles, whereas the maximum thickness of the old slope failure is up to 300–400 m (Figure 8). To
estimate the landslide volume we used an empirical formula for rotational landslides by [53]: VLs
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= 1/6 π Dd . Wd . Ld, where VLs is the landslide volume after the movement including loosening
of the mass, Dd is the landslide depth, Wd is the width of the landslide, and Ld is the length of the
landslide. Assuming a thickness of 200 m, the estimated volume of the active main landslide body is
approximately 1.7 km3.

Figure 7. The main scarp coincides with the tectonic lineament. The main landslide body is followed
by subsequent relatively shallow landslides below the presumed outcrop of the shear plane.

Figure 8. Topographic profiles and interpreted cross-sections of the slope failure under study: the
estimated basal shear zones of old slope failures are presented in blue, the active slope failures are in
red, and tectonic faults are marked as purple dash-and-dot lines.
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The time series of the satellite images revealed that the southern part of the landslide was more
active and the deep-seated mass movements reached the bottom of the valley in the SE. The river was
blocked temporarily in 2005 leading to the emergence of a small lake (1.1 ha) and to a diversion of the
river course approximately 150 m to the south (Figure 9).

 

Figure 9. Change of the drainage pattern on the southern margin of the Debre Sina landslide. The
position of the subset is indicated in the Figure 7.

4.3. Horizontal Displacements Revealed by Feature Tracking

The displacement fields derived from the satellite images clearly document that the main
movements occurred in two phases after the rainy seasons of 2005 and 2006 (Figure 10). The amplitude
of horizontal movements reached up to 48 ˘ 10.1 m and 114 ˘ 7.2 m in the first and second phase,
respectively. It can be seen that the movement vectors are divergent (Figure 10), which means that
lateral spreading took place in both phases. Both the displacement fields show that the lower part of
the slope between the landslide body and the river remained stable during both of the major movement
phases. Furthermore, it can be observed that the displacement magnitude increases towards the lower
part of the slope within the main landslide. This indicates surface extension in both the lateral and
transversal extension. The displacements also increase in an N-S direction, which could be due to
higher infiltration above the southern part of the main landslide indicated by the high values of TWI
(Figure 3).

The displacement fields of all of the other subsequent image pairs covering the period 2007–2014
do not show any coherent pattern over the landslide area. Furthermore, the magnitudes of these
displacement fields do not exceed the RMS of the displacements in the off-landslide area, which means
that they represent noise. This implies that there were no displacements or their magnitude was lower
than the level of noise. As no cracks were detected in the VHR images after 2007 and no reactivation
was reported by the local inhabitants interviewed by [23], we conclude that the slope stayed stable
after 2007.

The displacement field from the amplitude tracking is in good agreement with the feature tracking
in the optical domain (Figure 10). Its theoretical accuracy was calculated following [13] as being 0.3 m;
however, the real error is much higher as the vectors identified in the off-landslide area result in an
RMSE of 6.6 m.

The gradients derived from the displacement field for movements in 2005 and 2006 (Figure 11)
provide detailed information on the kinematics of the slope failure. The gradient images feature spatial
patterns of belts of high gradient that are bordered by zones of low gradient which correspond to areas
of similar movement magnitude. The belts of high gradient partially correspond to the zones of open
cracks and secondary scarps.
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Figure 10. Vectors of horizontal displacements of the two major phases of activity from the feature
tracking in the optical domain in 2005 (a) and 2006 (b). Aerial photographs from 1986, Ikonos-2 image
from 14 December 2005 and Kompsat-2 image from 27 January 2008 were used for the feature tracking.
No vectors could be derived for the relatively shallow subsequent landslides as their surface was
disturbed during the sliding. The displacement field from Envisat/ASAR images from 31 July 2004
and 29 October 2005 indicates that the major movements in 2005 took place before the end of October
(c). The vectors in the off-landslide area (also above the main scarp) are considered to be noise. The
slope inclination map based on the pre-event DEM is shown in the background.

 

Figure 11. Magnitude of horizontal movements calculated by feature tracking from VHR images for
the movement phases in 2005 (a) and 2006 (b). Gradients of displacement for 2005 (c) and for 2006
(d) represent surface deformation patterns. The extent of the main landslide body activated in 2005 is
shown as a white outline in all sub-images showing the change in the extent of the landslide area in
2006. Scarps and open cracks longer than 50 meters are shown as black (2005) and magenta (2006) lines.
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4.4. Vertical Displacements Identified by Differential DEMs

The map of vertical displacements (Figure 12) shows the total change in vertical direction in the
period from 1986 to 2008 and thus comprises both the 2005 and 2006 events. The map shows zones of
elevation decrease in the upper part of the main body reaching ´42 ˘ 3.6 m and zones of elevation
increase in its lower part showing the displacement of the mass with vertical differences reaching
49 ˘ 3.6 m (Figure 12). This pattern corresponding to depletion and accumulation distinguishes the
deep seated movement of the main body from the subsequent shallower landslides. Furthermore,
detailed information such as the thickness of sediment filling of the valleys by mobilized
unconsolidated material can be retrieved from the difference image. The depth of the filling along
the southern margin of the main landslide reaches around 47 ˘ 3.6 m. Another pattern clearly visible
in Figure 12 is an interleaving of zones of positive and negative elevation differences in the middle
part of the main landslide. These zones correspond to a replacement of surface undulations already
present in the pre-event DEM, leaving areas of negative elevation differences in their original position
and creating areas of positive differences in the new position. One of these ridges oriented in a
NW-SE direction is formed by deeply weathered volcanic rock surrounded by unconsolidated colluvial
material (Figure 5b). The DEM difference also captured a large rock fall that transformed the main
scarp in the SW part of the landslide (Figure 2a).

Figure 12. Elevation changes calculated from the pre-and post-event DEMs. The filling of valleys
by mobilized sediment can be clearly seen (A). The stripes of negative values followed by stripes of
positive values in the central part of the landslide are due to a shift of terrain ridges. Negative and
positive areas mark their original and new positions, respectively (B). A large rock fall beyond the
main scarp is marked by (C). The point rows across the accumulation area represent elevation changes
derived as a difference between the ICESat measurements and the pre-event DEM. The points follow
three satellite ground tracks from 17 June 2006, 2 April 2009 and 8 December 2008 (from W to E).

Three usable ICESat ground tracks that cross the accumulation part of the main landslide body
(Figure 12) contain 39 point measurements yielding elevation differences ranging from ´11.0 m to
24.6 m. One track was acquired between the two major phases of the movement (17 June 2006) while
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the two remaining tracks were acquired after the second phase. Over land, single elevation differences
can be affected by inaccuracies due to various influences including local surface slope, roughness
and errors in fitting the return waveform [54]. However, the elevation changes extracted by the two
different methods feature a high correlation (r = 0.92). Only the points of the two tracks acquired after
the second movement phase (19 points) were used for the correlation. To our knowledge this is the
first time that a combination of ICESat data and DEM was used to measure vertical elevation changes
of a landslide surface.

5. Discussion

5.1. Character of the Movement

The displacement fields revealed an extension in a longitudinal direction and lateral spread. The
lateral spread is further confirmed by the existence of scarps and open cracks in a longitudinal direction
(Figure 7). In addition, a higher movement magnitude in the southern part of the main landslide can
be seen in both the displacement fields (Figure 10). This irregularity may be due to higher infiltration
above this part, as indicated by the TWI (Figure 3).

The 3D reconstruction based on the aerial imagery resulted in detailed DEM but the lower
geometrical quality affected the accuracy of feature tracking. Nevertheless, the accuracy was sufficient
to map the movements as its amplitude reached values one order of magnitude higher than the error.
The huge elevation differences detected by DEM differentiating were a good indication of the depth of
the slope failure. The differential DEM allowed us to delineate the main deep-seated landslide body
from the subsequent shallower landslides. We could also identify the largely unaffected lower part of
the slope. It is remarkable that large areas (Figure 7) of the main landslide body feature little change to
the original surface despite significant horizontal movements.

5.2. Evolution of the Slope Failure

The analysis of the VHR images of the Debre Sina slope failure showed that there were
large movements before 14 December 2005 and between 14 December 2005 and 5 June 2007. The
displacement field from Envisat/ASAR shows that the first phase took place after 31 July 2004 and
before 29 October 2005. Based purely on the VHR image analysis, we could not decide whether a
continuous or abrupt movement took place. However, taking into account that the main triggering
factor of landslides on the rift margin is rainfall [19,21,55] we can suppose that the main movement of
the Debre Sina landslide occurred in two phases after the rainy periods of 2005 and 2006. This agrees
with the findings of [24] who carried out interviews with local inhabitants. We could also see that the
extent of the main landslide was almost identical in both phases. In addition, we could measure the
amplitude of the horizontal movements, which revealed that the second phase had higher amplitude
than the first one. Furthermore, we could assess the position of the outcrop of the shear plane. The
shear plane outcrop was presumed to be much deeper by [23,26] but the feature tracking and the DEM
differencing clearly showed that the lower part of the slope was only partially affected by relatively
shallow movements. These subsequent landslides were caused by a collapse of pushed out material
along the shear plane of the main body. It can be expected that the landslide will prograde in this area
and it will eventually reach the river [55].

Large shallow landslides were still occurring on the slope below the shear plane outcrop in
2007. The present processes mainly affect the disturbed surfaces of the shallow landslides and they
have a prevalently water erosion character. Some of these disturbed areas are also the subject of
small scale remediation measures by local farmers such as terracing on the denudated surface of
shallow landslides.
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5.3. Predisposition and Triggering

Regarding the predisposition of the Debre Sina landslide, the active tectonics, seismic activity
and thick sediment mantle on the long slopes of the MER clearly provide favorable conditions for
the occurrence of large mass movements. The morphostructural analysis of the wider surroundings
identified a number of old landslides in similar settings to the Debre Sina landslide (Figure 6) and
clearly showed the tectonic predisposition of the landslides which agrees with the findings of [22].
The occurrence of the Debre Sina landslide has a very close resemblance to the rejuvenation of part
of a boundary fault system in the Tarmaber area (Ankober border fault) [23,56]. Although it may be
difficult to distinguish the origin of many of the terrain forms in a tectonically highly active area [57]
the fault that is followed by the main scarp could be clearly identified in both pre- and post-event
DEMs. The convex form of the landslide body, which is evident in both the pre- and post-event DEMs
(Figure 3), indicates that the studied slope failure is probably a re-activation of an old large landslide.
This finding is further supported by the existence of a steep slope covered with vegetation above the
main scarp that has almost the same inclination and forms a continuous stripe above the present scarp
(Figure 5a).

 

Figure 13. More than 20 years (1990 to 2013) of rainfall records from the Debre Sina station operated by
the National Meteorology Agency of Ethiopia. The mean annual precipitation for the whole period
marked by a horizontal black line is 1750 mm. The inlet graph of mean monthly precipitation in 2005,
2006 and 2007 shows periods of intensive rainfall in July and August.

A triggering of the Debre Sina landslide by an earthquake was suggested by several authors.
A series of 162 earthquakes with magnitude > 4 connected to volcanic exposures in the Affar region
in the period between 20 September and 4 October 2005 [58,59] and was identified as a trigger of
the 2005 movement by [22]. However, the main movement in 2005 occurred sooner on 13 and 14
September [22,24,26] Furthermore, we were unable to find any seismic record corresponding to the
largest 2006 event that also occurred in September [20]. Taking into account the huge volume, we
presume that the main triggering factor is precipitation cumulated over a period of several months.
However, the initiation of the movement can be due to a ground tremor. A single precipitation event
listed in [22] as the daily maximum rainfall is unlikely to trigger a slope failure of such a large extent.
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The precipitation records taken directly in Debre Sina show that the years 2005 and 2006 were above
average but not extreme (Figure 13). We suggest that the sliding events were driven by a combination of
geologic and tectonic predispositions together with external factors such as long-term water saturation
and/or seismic events.

6. Conclusions

This study demonstrated the high potential of remote sensing techniques for the investigation
of a large landslide with difficult accessibility. Using a number of approaches, some of them rarely
used for landslides, we were able to carry out a new and detailed interpretation of the Debre Sina
landslide. A combination of these techniques with the support of a limited field survey provided
us with information about the landslide concerning its extent, kinematics, zonation and evolution
over time.

The displacement fields derived by feature tracking in an optical domain provided us with
quantitative information related to the particular phases of the slope failure development. Furthermore,
we could distinguish the main landslide body from the subsequent shallower slides and identify the
stable lower part of the slope affected only by the shallower movements. The amplitude tracking using
archive Envisat data provided a lower resolution than the optical VHR images and appeared to be
sensitive to processing parameters; nevertheless, its results allowed us to narrow the time window of
the first landslide phase. In addition, it provided an independent validation of the results from the
optical domain.

The DEMs derived by different techniques from historical aerial photographs and from modern
stereo acquisitions appeared to show high potential for the general analysis of the extent and type of
movements as well as for detailed feature identification. The derivatives of the detailed pre-event DEM
such as TWI or slope inclination appeared to be useful tools for understanding the fine morphology and
processes leading to the development of the slope failure. Our only high resolution pre-event dataset
relies on an old aerial image from the EMA. This highlights the importance of national archives of aerial
photographs reaching far before the era of VHR satellites. The good management of such archives
ensuring easy accessibility and digitalization of analogous media is inevitable for the evaluation of
this precious data source.

The analysis of ICESat measurements over the accumulation part of the main landslide body
matches the results of the DEM differencing. Furthermore, it provides an independent validation. To
our knowledge, this was the first time that a landslide accumulation was measured by a satellite laser
altimeter. This indicates the potential of future satellite altimetry missions for the measurement of
slope deformations.

Detailed terrain information representing the juxtaposition of the DEMs with the VHR images
allowed us to identify a number of detailed features such as the appearance of temporary water
bodies or changes of the river course and the type of the subsequent landslides. The occurrence and
in particular the dimensions of the Debre Sina landslide confirm the high susceptibility of volcanic
terrains to large gravitational mass movements in accordance with other published studies worldwide.
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Abstract: Early detection and early warning are of great importance in giant landslide monitoring
because of the unexpectedness and concealed nature of large-scale landslides. In China,
the western mountainous areas are prone to landslides and feature many giant complex landslides,
especially following the Wenchuan Earthquake in 2008. This work concentrates on a new technique,
known as the “hybrid-SAR technique”, that combines both phase-based and amplitude-based
methods to detect and monitor large-scale landslides in Li County, Sichuan Province, southwestern
China. This work aims to develop a robust methodological approach to promptly identify diverse
landslides with different deformation magnitudes, sliding modes and slope geometries, even when
the available satellite data are limited. The phase-based and amplitude-based techniques are used to
obtain the landslide displacements from six TerraSAR-X Stripmap descending scenes acquired from
November 2014 to March 2015. Furthermore, the application circumstances and influence factors of
hybrid-SAR are evaluated according to four aspects: (1) quality of terrain visibility to the radar sensor;
(2) landslide deformation magnitude and different sliding mode; (3) impact of dense vegetation cover;
and (4) sliding direction sensitivity. The results achieved from hybrid-SAR are consistent with in situ
measurements. This new hybrid-SAR technique for complex giant landslide research successfully
identified representative movement areas, e.g., an extremely slow earthflow and a creeping region
with a displacement rate of 1 cm per month and a typical rotational slide with a displacement rate of
2–3 cm per month downwards and towards the riverbank. Hybrid-SAR allows for a comprehensive
and preliminary identification of areas with significant movement and provides reliable data support
for the forecasting and monitoring of landslides.

Keywords: hybrid-SAR technique; joint analysis; phase-based SAR; amplitude-based SAR;
giant complex landslide monitoring

1. Introduction

Landslides are one of the major geo-hazards that pose great threats to many areas around
the world. Landslides are widely distributed in the mountainous areas of western China [1,2].
Especially after the Wenchuan Earthquake in 2008 in China (Mw 7.9 or Ms 8.0), a large number
of landslides were triggered and received considerable attention [3]. Numerous villages are scattered
throughout this large-scale landslide-prone area, which raises great importance to identify potential
active landslides. It is quite common for a large storm to produce new landslides in this area since the
earthquake occurred. A positive and effective monitoring tool that can help find the hidden nature
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of large-scale landslides and minimize the unexpectedness is of great importance for landslide early
warning and early recognition.

Measurements of the ground surface deformation over large regions can be carried out
by using the Spaceborne Synthetic Aperture Radar (SAR) techniques. In particular, Differential
Interferometric Synthetic Aperture Radar (DInSAR) is an effective method to measure deformation
in landslides. The successful application of this technique in landslide monitoring has been
widely documented [4,5]. However, several problems hinder the exploitation of the DInSAR
technique in landslide monitoring. These limitations include spatial decorrelation due to long
perpendicular baselines between SAR acquisitions, decorrelation caused by vegetation coverage
changes, large deformation gradients, errors resulting from atmospheric phase screen (APS) and phase
unwrapping errors. Advanced DInSAR methods have also been developed to address some of the
aforementioned issues, including Permanent Scatterer-InSAR [6,7], SqueeSAR [8], Small Baseline Subset
(SBAS) [9,10], the Stanford method for Persistent Scatterers (StaMPS) [11,12] and interferometric point
target analysis (IPTA) [13,14]. These techniques use phase shift analysis of long time-series SAR images
to investigate landslides with low displacement velocities (mm/year to a few decimeters/year) [15].

However, there is difficulty for the DInSAR techniques to retrieve deformation information
in relatively fast-moving areas. For example, when rapid landslides occur in densely-vegetated
areas, the low spatial density of persistent scatterers (PS) makes phase unwrapping extremely
difficult, resulting in the unsuccessful detection of fast movement. To identify rapid movement with
velocities exceeding the limits of DInSAR and the associated techniques, the exploitation of amplitude
information from the SAR data using the pixel offset tracking technique demonstrated its advantage in
landslide monitoring. For example, XiaoFan et al. [16] applied a sub-pixel offset technique to TerraSAR
Spotlight data to monitor the Shuping landslide in the Three Gorges of China. Singleton et al. [17] used
sub-pixel offset techniques to monitor episodic landslide movements in vegetated terrain. Shi et al. [18]
used multi-mode high-resolution TerraSAR-X data to monitor landslide deformation with point-like
target offset tracking. Raspini et al. [19] exploited the amplitude information in SAR images to map
the Montescaglioso landslide. Bhattacharya et al. [20] evaluated the potential of SAR intensity tracking
to estimate the displacement rate in a landslide-prone area in India.

In general, a giant complex landslide consists not only of slow-moving areas, such as creeping and
deep-seated gravitational slope deformation, but also of fast-moving areas exhibiting non-linear slope
movement, such as toppling and rotational landslides. Thus, the movement of the entire landslide
may vary considerably and exhibit non-uniform behavior, indicating that no single method would be
sufficient for such a complex task. Moreover, a quick monitoring response may be necessary before
a long series of a SAR dataset would be accumulated. Additionally, the monitoring method should
benefit from an integrated analysis of phase-based and amplitude-based methods.

In this article, a hybrid-SAR technique is proposed and applied to a representative giant
complex landslide in southwestern China using a high-resolution TerraSAR-X Stripmap dataset.
Both phase-based and amplitude-based techniques are applied to obtain the landslide displacements.
Then, the application circumstances and influential factors of phase-based and amplitude-based
methods are evaluated according to four aspects: (1) quality of terrain visibility to the radar sensor;
(2) landslide deformation magnitude and different sliding mode; (3) impact of dense vegetation cover;
and (4) sliding direction sensitivity. Specifically, the surface displacements measured by the in situ
sensors of four boreholes were used in the evaluation of the hybrid-SAR technique. The deformation
tendencies from both the SAR data and the in situ data showed consistency. The applicability of this
new hybrid-SAR technique in complex giant landslide research is demonstrated and evaluated.

2. Methodology Comparison of Phase-Based and Amplitude-Based Techniques

Phase-based InSAR techniques and amplitude-based offset tracking methods have their
advantages and limitations. Table 1 provides a brief comparison of these two methods according to their
methodological differences. The following section provides a more comprehensive methodological
analysis of the two techniques.
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Table 1. Comparison of the phase-based InSAR technique with the amplitude-based pixel offset technique.

Methodological Comparisons Phase-Based InSAR Technique Amplitude-Based Pixel Offset Technique

Accuracy Higher accuracy, proportional
to wavelength Lower accuracy, proportional to pixel size

Phase unwrapping errors Phase unwrapping errors No need for phase unwrapping

Detectable deformation rate Suitable for slow rate
of deformation Suitable for high rate of deformation

Sensitivity to temporal decorrelation More sensitive to
temporal decorrelation Less sensitive to temporal decorrelation

Sensitivity to atmospheric phase screen Significant signal delays caused
by atmospheric phase screen Not affected by atmospheric phase screen

Measurement direction One-dimensional
line-of-sight direction

Two-dimensional measurements involving
range and azimuth directions

2.1. Phase Based: DInSAR and Advanced DInSAR Techniques

The phase-based InSAR techniques have high accuracy in monitoring displacements, and the
accuracy is proportional to the wavelength. Thus, these techniques are suitable for monitoring slow
rates of deformation. The traditional DInSAR technique has been applied to monitor slow-moving
landslides on the order of cm/year, while the advanced time-series DInSAR technique can detect
extremely slow-moving landslides on the order of mm/year.

Because of its methodological limitations, the DInSAR technique is unable to derive fast-moving
displacements with high spatial gradients. In a wrapped interferogram, the maximum displacement
between neighboring pixels cannot exceed λ/2, where λ is the wavelength [21]. Furthermore,
when considering phase unwrapping, the maximum displacement between neighboring pixels cannot
exceed λ/4, that is the highest deformation gradient should be less than 0.5 interferometric fringes
per pixel [22]. DInSAR also has a serious limitation related to dense vegetation, which results in rapid
decorrelation between SAR acquisitions. For high-resolution TerraSAR-X satellites, the wavelength is
smaller and more sensitive to vegetation cover. Moreover, its sensitivity to atmospheric variability also
hinders its exploitation in landside monitoring.

To mitigate the limitations of DInSAR, advanced DInSAR techniques have been developed
and include permanent scatterer interferometry (PSInSAR) and small baseline subset (SBAS) [23].
PSInSAR makes use of stable permanent scatterer pixels that show high coherence during long time
intervals in a stacking of multi-temporal co-registered images. SBAS chooses image combinations with
short temporal and spatial baselines to reduce decorrelation effects. However, in thickly-vegetated
areas, a low density of PS and the loss of coherence can produce unreliable phase unwrapping errors,
which may result in the failure of these techniques.

2.2. Amplitude Based: Pixel Offset Technique

Because of its methodological limitations, the amplitude-based pixel offset technique has lower
accuracy compared with phase-based InSAR methods. The key processing step of the pixel offset
tracking method is to obtain the peak locations for a two-dimensional cross-correlation function
of two SAR image patches. Signal-to-noise ratio (SNR) estimates are then calculated by comparing
the height of the correlation peak relative to the average level of the correlation function. Serving as
indicators of the confidence level of each offset, the SNR values should be set with a threshold, and only
the SNR values above the threshold should be used to calculate the offsets. Furthermore, the orbital
ramp errors, the topographical errors and the ionospheric effects should be eliminated. At the end,
the final range and azimuth offsets can be estimated by measuring the row and column offsets between
two acquisitions. During the processing, various parameters, such as the cross-correlation window size
and oversampling factor, should be carefully evaluated to adjust to the size of deformation features
and SAR image pixel size [24].
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The achievable accuracy could be theoretically expressed as the following expression [25]:

σ =

√
10
3N

√
2 + 5γ2 − 7γ4

πγ2 (1)

where γ is the coherence and N is the number of pixels within the estimation window.
The offset tracking technique is suitable for monitoring high rates of deformation,

e.g., rapid landslides on the order of m/year, and the accuracy is proportional to the pixel size of the
SAR image. This method does not require phase unwrapping, is less sensitive to temporal decorrelation
and is not affected by atmospheric artifacts. Furthermore, pixel offset measurements can provide both
range and azimuth vectors as the InSAR technique is only sensitive to the line-of-sight (LOS) direction.

3. Study Area and SAR Dataset

3.1. Geological Setting of the Xishancun Landslide

The Xishancun Landslide (Figure 1) is a giant landslide located on the northern bank of the
Zagunao River in Li County (Sichuan Province), which lies to the east of the Tibetan Plateau.
The region is featured by active tectonics similar to the other areas surrounded by a river network
on the Tibetan Plateau [26]. The landslide is approximately 22 km from Wenchuan City, and several
studies have pointed out that Li County is among the most severe geohazard regions triggered by the
Wenchuan earthquake in 2008 [27,28]. The Xishancun Landslide is considered to be influenced and
accelerated by the Wenchuan Earthquake. Dai et al. [29] found that several main types of landslides,
including shallow disrupted landslides, rock falls, deep-seated landslides and rock avalanches, were
triggered by the Wenchuan Earthquake. The Xishancun Landslide can be considered a complex mixture
of the above landslide types, involving both slow-moving and fast-moving movements. This landslide
poses severe threats to the 317 National Road and those villages both on the slope and at the foot of
the mountain.

 

Figure 1. (a) Location of the Xishancun Landslide outlined in a red rectangular overlaid by an ASTER
DEM; (b) location of Li County in China; (c) m of the Xishancun Landslide as seen from a terrestrial
photo taken from the opposite bank of Zagunao River.

The Xishancun Landslide is a south-facing slope with erosional textures developed.
The geomorphology of this landslide is relatively complex and forms a “V-shaped” valley. The giant
thick accumulation body is bounded along the trailing edge by nearly vertical cliffs and along the
leading edge by the Zagunao River. Both the eastern and western sides feature gullies that bound these
two parts of the landslide. The elevation of the leading edge is approximately 1510 m, and the elevation
of the trailing edge is approximately 3300 m. The elevation difference is 1790 m. The landslide length
is approximately 3800 m; the minimum width is 680 m; and the maximum width is 980 m. The average
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thickness of the sliding body is 55 m. Thus, the volume of the landslide is approximately 1.7 × 108 m3.
Hence, it is considered as an oversized landslide.

There are many natural terraces in the landslide, and the terraces on the trailing edge and middle
parts are much larger. The slope of the landslide body ranges from 25◦ to 55◦, and steep slopes are
mainly developed along the front part. Vegetation on the majority of the landslide body is scarce.
However, due to the catchment function of the “V-shaped” geomorphology in the lower part and
abundant water resources, groundwater is relatively accessible, and vegetation is present, with fruit
trees and crops flourishing here, as well. The dense vegetation cover in the western part significantly
limits the application of DInSAR in this area. Because of the construction of village roads on the
mountain, the slopes cut into the toe along the leading edge are significant and form severe scarps that
lead to collapses in some areas. The complexity of the topographic conditions and landslide slopes
are considered to be the major factors resulting in the occurrence of geological hazards and were
aggravated by the Wenchuan Earthquake.

This landslide is also less sensitive to displacement measurements along LOS due to the
south-facing orientation. The complex landslide behaviors provide a good opportunity for the joint
application of both the phase-based InSAR method and the amplitude-based pixel offset method.

3.2. Geotechnical Monitoring

To monitor the landslide with geotechnical equipment, a Spatial Sensor Network similar to the
MUNOLD (Multi-Sensor Network for Observing Landslide Disaster) raised by Lu et al. [30] is currently
being deployed in Xishancun Landslide. There are four boreholes (Bh1, Bh2, Bh3 and Bh4) located
on the lower and middle parts of the landslide and distributed evenly along the slope (Figure 2).
Four artificial corner reflectors are installed just beside the corresponding boreholes, which enable
further comparisons (Section 5.5) between hybrid-SAR-derived borehole surface displacements and in
situ sensor measurements. Four inclinometers with tilt sensors monitoring displacement along the
main sliding direction have been installed inside the boreholes. The field data technically showed good
performance, with a high rate of data return and reliable data access. The noise in the data collected
was small and stable, thereby allowing reliable data support for further analysis.

 

Figure 2. Landslide map with locations of the geotechnical monitoring instrumentation and landslide
boundary outlined in red. Red Dots 1–4 indicate the existing boreholes. Areas 1–6 will be introduced in
the following sections.
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3.3. TerraSAR-X Test Dataset

The acquisition of Stripmap TerraSAR-X data started in 2014. In total, six images of the study area
were collected. The parameters of five image pairs used in later hybrid-SAR processing are listed in
Table 2. Basic information on this TerraSAR-X dataset is provided in Table 3.

Table 2. The parameters of the five image pairs used in hybrid-SAR processing.

Master Image Slave Image Perpendicular Baseline (m) Temporal Baseline (Day)

21 November 2014 13 December 2014 54 22
13 December 2014 15 January 2015 −190 33

15 January 2015 17 February 2015 −17 33
17 February 2015 11 March 2015 64 22

21 November 2014 11 March 2015 51 110

Table 3. Basic information on the acquired TerraSAR-X Stripmap (SM) datasets.

SM Data

Orbit direction Descending
Look angle (degree) 33.0

Heading (degree) −169.7
Polarization HH

Azimuth Spacing (m) 1.83
Range Spacing (m) 1.36

4. Analyses and Experimental Results of Hybrid-SAR

4.1. DInSAR Results from Representative Interferometric Pairs

Although limited datasets are not enough to carry out robust time series analyses, rapid identification
of actively-deforming areas and early warnings of active regions are urgently needed. In this
study, four interferograms with baselines shorter than 190 m and acquisition time intervals shorter
than 33 days have been computed. To carry out two-pass differential interferometry, an external digital
elevation model (DEM) covering the whole body of this landslide with a posting of 0.5 m produced by
terrestrial laser scanning (TLS) was used (Figure 3). A multi-look factor of two was applied both in the
range and in the azimuth directions.

Figure 3. TLS-derived DEM with a spatial resolution of 0.5 m. The middle area surrounded by the red
dashed line is the corresponding landslide location.
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During the winter periods, the interferograms are less noisy, and the fringes caused by
displacement can be determined in the interferograms. For example, in Figure 4a–d, the interferometric
signals in the middle part of the landslide (Area 3) are evident. In addition, the eastern border of
landslide (Area 2) and a region close to the toe of landslide (Area 1) also preserve good quality
fringes in the interferograms. However, in the western part of the lower landslide body (Area 6),
the coherence is not as well preserved due to the coverage of high-density vegetation. Additionally,
the mountain to the west of the landslide is seriously affected by the layover effect of SAR images.
These four interferograms with neighboring time spans show uniform fringe locations and indicate
that long-lasting and slow deformation exists in these active regions.

 

Figure 4. Geocoded differential interferograms (a–d) and geocoded displacement maps (e–h) in the
LOS direction with temporal baselines and perpendicular baselines noted below. Significant landslide
displacement signals are highlighted with white ellipses in the interferograms, which also
correspond to Areas 1–3 in Figure 2; (a,e) 21 November 2014–13 December 2014 (22 days, 54 m);
(b,f) 13 December 2014–15 January 2015 (33 days, −190 m); (c,g) 15 January 2015–17 February 2015
(33 days, −17 m); (d,h) 17 February 2015–11 March 2015 (22 days, 64 m).

The associated displacement maps are then derived along the LOS direction after performing
the phase unwrapping of all interferograms. Because of the dense vegetation cover in the western
lower part of this landslide, the coherence became quite low, and this area was masked during the
unwrapping procedure in order to obtain a robust result for other parts of the landslide. Figure 4e–h
shows that the maximum displacement in a 33-day time interval can reach up to 2.2 cm in the middle
part of the landslide (Area 3) where three neighboring deformation areas can be identified. Moreover,
the eastern borderline of the landslide body (Area 2) is quite evident in the displacement map,
which provides good support for the interpretation of the landslide division. In the small deformation
area close to the landslide toe (Area 1), the displacements showed an extremely slowly increasing
tendency. A further detailed interpretation and analysis of deformation modes in Areas 1–3 will be
carried out in Section 5.2.

Although unable to carry out an advanced time series DInSAR application at this stage, the quick
response of conventional DInSAR technique over a short time span and its ability to outline the
boundary of landslide-prone areas demonstrate the successful application of the phased-based InSAR
technique in our landslide research.
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4.2. Offset Tracking Results between SAR Acquisitions

In the offset tracking procedure, if the selected perpendicular baselines are quite low and the
displacement rate is rather high, the range offsets due to local topography can be neglected with
respect to ground displacement. The conventional co-registration procedure is sufficient for most
cases where offsets due to topography are less than 0.2 pixels. However, for higher-resolution systems
combined with large baselines, these topographical errors can exceed one pixel. In particular, in this
study, the displacement gradients should not be this high, and the TerraSAR-X dataset exhibited
high resolution and relatively large baselines. During the processing, offsets due to topography are
incorporated into a co-registration look-up table that links the geometries of two images based on
a DEM of the area. Thus, topography-related offsets were considered and removed.

Using the above approach, we derived two obvious deformation areas on the landslide body
from two images in the TerraSAR-X dataset (spanning from 21 November 2014 to 11 March 2015).
The results of azimuth and slant range deformation measurements are rendered in Figure 5. In the slant
range displacement map, the geocoded DInSAR displacement result derived from 21 November 2014
to 13 December 2014 is also overlaid in order to make a clear comparison with the pixel offset result.
It should be noted that only points with SNR values greater than 10.0 in pixel offset processing are
highlighted. These values represent relatively high coherence and high reliability of the measurements.

From Figure 5, it can be seen that the whole landslide body demonstrates a significant movement
magnitude from north to south downwards on the slope. In the vegetated area of the landslide
(Area 5), phased-based InSAR failed to derive good quality fringe due to the decorrelation; however,
some deformation signals are extracted successfully because of the existence of contrasting features
(for example, buildings and corner reflectors) during the pixel offset processing. In the azimuth
displacement map, this zone is active and moved a distance of 8–16 cm in a time span of four months.
In the range displacement map, the displacements, i.e., approximately 2–4 cm per month, cannot be
ignored either. The significant movement in Area 5 was also reflected from in situ measurements in this
region, which will be analyzed in Section 5.5. Another active area (Area 4) that should receive more
attention is the middle part of the Xishancun Landslide, which features obvious azimuth and slant
range displacement. For this area, both phase and amplitude information are extracted successfully
from SAR datasets and show good consistency. The slant range displacement is consistent with the
results achieved from the DInSAR technique, being 2 cm per month. The azimuth displacement of this
area amounts to 2–3 cm per month. A rotational failure mechanism is deduced in a later analysis in
Section 5.2.

For our TerraSAR-X Stripmap dataset, the azimuth pixel size is 1.83 m (Table 2), which is also the
minimum pixel dimension. The maximum detectable displacement between neighboring pixels in
SAR images (a quarter of the TerraSAR wavelength) divided by the minimum pixel dimension is the
maximum displacement gradient derived from the phase-based InSAR technique, being approximately
0.004 m/m. Therefore, even if we derive the original resolution interferogram, the maximum detectable
difference between two points over a distance of 10 m will be only 0.04 m. In this case, a multi-look
factor of two is applied for the range and azimuth direction; thus, the maximum InSAR detectable
difference is only 0.02 m. However, in the Xishancun Landslide, regions with fast-moving phenomena
exist, and their displacement gradients exceed the measurable limit (for example, Area 5). The results
of the pixel offset technique demonstrate a good performance of this technique in detecting larger
deformation magnitudes.

Theoretically, the range displacement map from the pixel offset technique is expected to contain
the same information as the differential interferogram [24]. In order to quantitatively evaluate the
combination of the two techniques, the differences between LOS displacements of ten points in
Area 4 derived from DInSAR processing in a time span of 22 days and offset tracking processing in
a time span of 110 days are calculated in Table 4. To make a uniform comparison of the consistency
between two techniques, offset tracking displacements in 110 days are linearly converted to 22 days’
displacements. The mean difference and RMS error of the LOS displacement differences of ten points
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in Table 4 derived from two techniques are 0.003 m and 0.0031 m, respectively, indicating an order
of magnitude lower than the accumulated landslide displacements. Although there are regions that
have quite low SNR values and were excluded from robust displacement calculation, the successful
extraction of both phase and amplitude information in Area 4 confirms the pixel offset processing to
be a good comparison with DInSAR results given enough time span and deformation magnitudes.

 

Figure 5. Slant range displacements (a) and azimuth displacements (b) measured from 21 November 2014
to 11 March 2015.

Table 4. LOS displacements and corresponding differences between ten points in Area 4 derived from
DInSAR processing and offset tracking processing.

Point ID
Offset Tracking LOS

Displacements
(110 Days)/m

Offset Tracking LOS
Displacements

(22 Days)/m

DInSAR
Displacements

(22 Days)/m

Displacement
Differences
(22 Days)/m

1 0.09 0.016 0.013 0.003
2 0.10 0.018 0.014 0.004
3 0.06 0.011 0.009 0.002
4 0.10 0.018 0.014 0.004
5 0.06 0.011 0.010 0.001
6 0.07 0.013 0.010 0.003
7 0.09 0.016 0.012 0.004
8 0.06 0.011 0.008 0.003
9 0.08 0.014 0.012 0.002
10 0.07 0.013 0.009 0.004

5. Discussion

The methodological differences between phase-based and amplitude-based techniques
presented in Section 2 led to their different application circumstances and influential factors in
giant landslide research. As giant complex landslides always have diverse topographic features,
complicated deformation patterns, as well as different orientations with respect to radar satellites, the
applications of phase-based and amplitude-based methods in practical research may show unique
advantages and disadvantages. In this section, the application circumstances and influential factors
of phase-based and amplitude-based methods are evaluated according to four aspects: (1) quality
of terrain visibility to the radar sensor; (2) landslide deformation magnitude and different sliding
mode; (3) impact of dense vegetation cover; and (4) sliding direction sensitivity. The consistency
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and difference between phase-based and amplitude-based techniques demonstrated during their
applications in the Xishancun Landslide research are fully exploited to evaluate the applicability of the
hybrid-SAR technique in our case study.

5.1. Quality of Terrain Visibility to the Radar Sensor

The topography strongly influences the performance of both interferometric and
non-interferometric techniques. The terrain visibility to the radar sensor depends on the satellite
acquisition geometry and landslide terrain slope geometry.

The R-index (RI) represents a ratio between the pixel size in the slant range (radar geometry
distance) and the ground range (Earth surface distance). To calculate the RI, the following parameters
are needed: a DEM with slope (β) and aspect angles (α) and the LOS parameters, including the
incidence angle (θ) and satellite ground track angle (γ). Notti et al. [31] proposed a simplified version
of the formula to calculate the R-Index:

R = sin [θ− β ∗ sin (A)] (2)

Here, A is the aspect correction factor. For descending data, A is computed as A = α − γ for
descending and as A = α + γ + 180◦ for ascending data. The R-index ranges from −1 to 1. The meanings
of the R-index values are listed below:

1 R ≤ 0: The areas are affected by layover, foreshortening and shadow effects.
2 0 < R < 0.4: The pixel in this area exhibits strong compression.
3 0.4 < R < 1: The slope has good orientation, and the main factor that influences the following

processing will be the land use.
4 R = 1: The slope is parallel to the LOS.

Figure 6 shows the R-index spatial distribution for descending geometry for the Xishancun
Landslide. The calculated DEM was derived from TLS with a posting of 0.5 m, the same as that used in
the previous processing. The figure shows that the Xishancun Landslide is mostly south oriented and
has relatively high R-index values, indicating a good orientation. However, on the western slope of
the landslide (Area 6), the R-index values are below 0.4, indicating the presence of compressed pixels.
The overall R-index values of the whole landslide are higher than zero, indicating that the Xishancun
Landslide has relatively good terrain visibility to the radar sensor.

Figure 6. The R-index map of the Xishancun Landslide for the descending geometry.
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The R-index can be used to identify areas of good terrain visibility and geometrical distortions,
as well. This presence of image distortions may seriously hinder the exploitation of InSAR
processing. From the interferograms in Figure 4, low R-index values in Area 6 could be one of
the reasons that lead to its unclear interferometric fringes. Moreover, the presence of layover and
shadowing not only prevents the application of the interferometric technique, but also limits the
non-interferometric technique.

The good orientation of the landslide body and good terrain visibility to the radar sensor should
be a prerequisite for the application of the hybrid-SAR technique. In practical cases, the calculation
of the R-index spatial distribution of the landslide body with respect to the specific orbital geometry
should be performed in advance to evaluate the application possibility of the hybrid-SAR technique.

5.2. Landslide Deformation Magnitude and Different Sliding Modes

During the in situ investigation, the Xishancun Landslide is shown to be a quite complex landslide
exhibiting different types of movement. The application of the hybrid-SAR technique to the Xishancun
Landslide successfully helps infer the existence of a rotational slide, an extremely slow earthflow and
a creeping area.

Area 4 in Figure 7 is considered to be a rotational slide corresponding to the region in the
middle part of the landslide. From the DInSAR results, obvious fringe also appeared in this area,
with significant vertical gravitational movements at the head of the slide. From the offset tracking
results, the deformation magnitudes in the azimuth and slant range direction are both relatively large,
indicating significant downwards and northwards movements. From the high-resolution ortho-images,
large main scarps have formed an obvious trailing edge of this rotational slide, and the slide boundaries
show distinct terrain discontinuities with the surrounding areas. A close examination of the slope map
of this area reveals that very high slope angles exist here. The sharp mountain trend and large height
difference may be drivers of the rotation at the head of this slide. Both the texture of this area and
hybrid-SAR results indicate that a rotational slide is a reasonable first-order interpretation.

 

Figure 7. (a) The slope information of a rotational slide developed in the middle part of the Xishancun
Landslide. Its location could be referred to Area 4 in Figure 2. (b) The rotational slide with a main scarp
and a minor scarp both clearly visible in the DEM. (c) The enlarged view of the trailing edge earmarked
by the rectangle in (b) from high-resolution ortho-images.

To be detected successfully by DInSAR, an earthflow motion has to be fast enough to be monitored
over a short time span and slow enough to avoid radar decorrelation [32]. The earthflow corresponding
to Area 2 is an ideal example and has a displacement rate of approximately 1 cm per month (Figure 8).
This extremely slow earthflow corresponds to the fringe in DInSAR interferograms (Figure 4) along
the eastern boundary of the landslide. The main earthflow body acts as a conveyor for material from
the head of the slide and moves debris downslope through the transport zone to the depositional lobe
and toe zone. During the in-situ investigation, many fractures have developed along the border scarp,
and shallow surface flows of soil blocks were observed. As the slide material is not covered by foliage
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or tree canopy in this region, the identification from UAV-based low-altitude aerial photography could
be easily accomplished. Especially from Figure 8b, the detailed enlarged view clearly verified the
special textures and slide morphology of this earthflow.

 

Figure 8. (a) An earthflow (Area 2) close to the eastern boundary of the landslide in the lower
part. The DInSAR displacements derived from 13 December 2014–15 January 2015 are overlaid.
(b) The enlarged view of the red square region obtained from the UAV-based high-resolution aerial photo.

For Area 1, the DInSAR results in Figure 4 (a uniform displacement velocity of no more than
1 cm/month) could help infer a very slow-moving landslide mode in this region. This may be creeping
behavior related to the shallow sliding surface underground, which means the ground movements
are mainly translational with the same slope angle as the topographic surface. The terrain slopes
gently in this region; however, human activities are quite active, such as mountain road construction
and farmland reclaiming. From Figure 9, the field survey found evidence of creeping mechanisms,
such as ruptures in mountain roads, downward sliding of the turf on the rock beside the road and
curved tree trunks on both sides of the road. The creeping in this area resulted in the fringe close to
the landslide toe in DInSAR interferograms (Figure 4). The phase-based DInSAR could successfully
detect the slow creeping behavior of the landslide, providing that the movement does not exceed the
detectable gradient.

 

Figure 9. (a) A creeping region (Area 1) close to the toe of the landslide. The DInSAR displacements
derived from 17 February 2015–11 March 2015 are overlaid. (b) Example of a rupture in the road.
(c) Example of the turf sliding downwards. (d) Example of curved tree trunks in this area.
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With the use of the high-resolution phased-based DInSAR technique, slow-moving landslides can
be reliably detected and monitored. Slowly creeping sections and extremely slow earthflows show
obvious fringes in interferograms, and rotational slides are evidenced by mainly vertical gravitational
movement at the head of the slide. The offset tracking technique provides a robust method for
measuring high gradient displacements, such as typical rotational slides and episodic movements,
and a more reliable interpretation of landslide types providing both range and azimuth offsets.
Pooling the strengths of the two methods, hybrid-SAR can provide more comprehensive information
on the movement of giant complex landslides to help understand different landslide mechanisms.

5.3. Impact of Dense Vegetation Cover

The InSAR technique is tightly associated with the land cover at the regional scale [33]. In this
study, the western part of the Xishancun Landslide body (Area 6) is covered by dense vegetation,
which can be easily seen in Figure 2. This densely-vegetated region has low coherence, which seriously
hinders the use of the InSAR technique. Decorrelation between the TerraSAR acquisitions caused by
vegetation could be recognized on the interferometric coherence map in Figure 10. Although this
interferometric pair has just 22 days of temporal baseline and 64 m of perpendicular baseline,
the decorrelation due to dense vegetation cover still exerted quite an obvious effect. As the wavelength
of TerraSAR-X is relatively small, its sensitivity to vegetated surfaces is more significant.

 

Figure 10. The interferometric coherence map for the pair of 17 February 2015–11 March 2015. The area
with low coherence corresponds to Area 6, namely the most densely-vegetated region circled by
blue lines.

Compared with the phase-based InSAR methods, the pixel offset technique makes use of SAR
amplitude information and can overcome the InSAR limitations in regions with low coherence.
More contrasting features on the vegetated terrain surface (buildings or corner reflectors) can provide
a better estimate in the application of the offset tracking technique. From the results of the pixel offset
technique, Area 6, which provided sparse interferometric information during DInSAR processing,
preserved more radar backscatter changes via the use of amplitude information. Thus, the pixel
offset approach should be considered a more robust method to resolve landslide movements with
decorrelation problems.
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To conclude, landslides with more contrasting ground features (natural or man-made)
could highly benefit from hybrid-SAR via the use of both phase and amplitude information;
thus, more deformation signals could be detected in densely-vegetated areas.

5.4. Sliding Direction Sensitivity

In InSAR processing, a movement parallel to the LOS could be fully registered, while the
movement orthogonal to LOS cannot be registered. Especially for landslides that have a strong
horizontal component, InSAR-derived movements would significantly underestimate the real
deformation vector. In most cases, the majority of the velocity is along the line of the maximum
slope. Based on a coefficient (C-index) proposed by Notti [34], which indicates the ratio between the
velocity projected along the slope (VSLOPE) and the velocity in the LOS (VLOS), we can estimate
the percentage of movement detected along the slope using interferometric techniques. The values
of C depend only on the radar LOS geometry and landslide topographical geometry. Using the
expressions below, we can obtain the C-index map in Figure 11.

C = [cos (s) ∗ sin (a − 90) ∗ N] + {[−1 ∗ cos (s) ∗ cos (a − 90)] ∗ E}+ [cos (s) ∗ H] ;

H = sin (α);

N = cos (90 − α) ∗ cos (n) ;

E = cos (90 − α) ∗ cos (e) ;

(3)

where α is the LOS incident angle, n is the angle of the LOS with respect to north, e is the angle of the
LOS with respect to east, s is the slope and a is the aspect.

 

Figure 11. The C-index map of the Xishancun Landslide for the descending geometry.

Negative values of the C-index represent that the direction of movement is reversed in the LOS
geometries. The values close to one mean that the movement of the landslide is mostly registered along
the LOS direction. The Xishancun Landslide is a south-oriented slope, and the C coefficient map shows
that the western slope is registered for approximately 50% and that the eastern slope is registered for
only 20% in the LOS descending geometry.

Giant complex landslides usually have both slowly-moving planar slides and rotational landslides
with vertical movement at the crown and horizontal movement at the toe. Hence, a single interferometric
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technique cannot derive comprehensive movement information for the whole landslide body.
Unlike the InSAR technique, the pixel offset technique can provide two-dimensional displacement
information. Both azimuth and range displacements derived are projections of the 3D displacement
vector onto corresponding dimensions. The mathematical expressions are as follows:

DNsinαsin θ− DEcosαsin θ+ DVcos θ = drg

DNcos α+ DEsin α = daz
(4)

where DN, DE and DV represent displacements in the northing, easting and vertical directions,
respectively. The parameters α and θ represent the heading angle and nominal incidence angle at the
interest point, respectively, and drg and daz are displacements measured in the range and azimuth
directions, respectively. For the Xishancun Landslide, the equation can be derived as follows:

drg = [−0.076 0.539 0.839] [DN DE DV]
T

daz = [−0.990 − 0.139 0] [DN DE DV]
T (5)

Thus, the range displacements are sensitive to the easting and vertical directions, while azimuth
displacements are sensitive to the northing direction. As the Xishancun Landslide is a south-facing
slope, it is relatively safe to estimate that its deformation is mainly in the northing and vertical
directions. As a result, to derive the two-dimensional movement of the landslide, the pixel offset
technique should be involved to estimate the vertical and northward movements.

By incorporating both phase-based and amplitude-based techniques into the hybrid-SAR processing,
various landslides with different sliding directions should be evaluated and distinguished.

5.5. Borehole Surface Displacements of Hybrid-SAR versus In Situ Measurements

To obtain a more robust analysis for the hybrid-SAR application, the displacement results produced
by the phase-based and amplitude-based methods have been compared with the inclinometers of
corresponding boreholes covering the period of the TerraSAR acquisitions. The actual locations of the
four boreholes are shown in Figure 2. The measurements of inclinometers Bh1 and Bh2 (Figure 12) are
only compared with the results of the offset tracking method, as the conventional DInSAR technique
failed to obtain the displacement in this area because of the impact of dense vegetation cover in this area.
The measurements of inclinometers Bh3 and Bh4 (Figure 12) are only compared with the results of the
DInSAR processing, as the offset tracking technique failed to obtain a robust value because of low SNR
values on the two borehole points. In the following figures, the x-axis represents the dates of acquisition,
while on the y-axis are the displacement values of relative inclinometers. The positive value represents
movement downwards along the slope, while the negative value represents movement upwards along
the slope. In the following comparison, the accumulated displacements of inclinometers are converted
to monthly displacement velocities, as almost all of the inclinometers show uniform deformation
patterns during the monitoring period. Similarly, the displacements achieved from phase-based and
amplitude-based processing are also converted to monthly displacement velocities.

From Figure 12, the borehole Bh1 shows a velocity along the maximum slope angle of
36.5 mm/month, while the velocity of the Bh2 instrument is −9.7 mm/month. The velocity values of
borehole Bh3 and Bh4 are both 2.75 mm/month. Theoretically, the monthly inclinometer displacements
of all four boreholes should be larger than the hybrid-SAR displacements [35], as the radar benchmark
displacement is measured along the LOS direction of the satellite, which is only a component of the real
movement vector. In contrast, the inclinometer measures the real displacement along the maximum
slope angle direction.
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Figure 12. Comparisons of inclinometer displacements, accumulated inclinometer displacement along
the LOS and accumulated hybrid-SAR LOS displacements of boreholes Bh1 (a); Bh2 (b); Bh3 (c);
and Bh4 (d) measured from 21 November 2014–17 March 2015.

To compare the two datasets more robustly, we projected the displacement vector of the inclinometers
along the radar LOS direction through a simple equation:

ILOS = ISLOPE ∗ sin θ (6)

where ILOS is the inclinometer displacement along the LOS direction, ISLOPE is the measured
inclinometer displacement and θ is 33◦, the look angle of the TerraSAR satellite.

With the equations correcting the inclinometer measurements to the LOS direction, the results
show that the velocity components along the LOS of Bh1 and Bh2 are 19.8 mm/month and
−5.3 mm/month, respectively, while the range velocities achieved from the amplitude-based pixel
offset technique are 7.8 mm/month and −3.8 mm/month, respectively. The velocity values along the
LOS of Bh3 and Bh4 are both 1.5 mm/month, while the LOS velocities acquired from the phase-based
DInSAR technique are 1.2 mm/month and 0.9 mm/month, respectively. In Figure 12, the finally
accumulated inclinometer displacements along the LOS and hybrid-SAR LOS displacements of
four boreholes until the date of 17 March 2015 are marked as red points and green triangles, respectively.

The above analysis reveals that the LOS displacements measured by hybrid-SAR may
underestimate the real displacement determined via in situ monitoring, i.e., the borehole inclinometers.
However, the displacement tendency of every single borehole confirms that the satellite monitoring is
consistent with the in situ monitoring in displacement scale and magnitude.

5.6. Summary of Hybrid-SAR Applications and Discussion of Future Works

A summary of the application circumstances for the two independent techniques and the
combined hybrid-SAR technique is listed below in Table 5. This list thoroughly reveals the advantages
and disadvantages of these techniques.
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Table 5. Application circumstances for the phase-based InSAR technique, amplitude-based pixel offset
technique and hybrid-SAR technique.

Application
Circumstances

Phase-Based InSAR
Technique

Amplitude-Based Pixel
Offset Technique

Hybrid-SAR Technique

Satellite acquisition
geometry

Only suitable for good
terrain visibility

Only suitable for good
terrain visibility

Only suitable for
good terrain visibility

Landslide deformation
magnitude

Suitable for small
deformation magnitudes

Valid for large
deformation magnitudes

Valid for both small and large
deformation magnitudes

Sliding mode

Suitable for creeping,
extremely slow earthflow

and slow vertical
gravitational deformation

Suitable for rotational
landslides and

episodic movement

Suitable for various sliding
modes, combining the

advantages of two techniques

Densely vegetation
cover impact

Affected, but may be effective
if there is a high density of

permanent scatterers

Affected but may be
effective if there are highly

contrasting ground features

Affected but may be effective
if there are enough

permanent scatterers and
highly contrasting

ground features

Sliding direction Suitable for sliding in satellite
LOS direction

Effective for sliding in both
range and azimuth direction

Effective for sliding in both
range and azimuth direction

Future improvements could be obtained when long-term datasets are available to generate
time series displacement fields for this landslide. Time series hybrid-SAR, which is able to obtain
a 3D deformation map with a time span of a year or more, can further improve the analysis of the
landslide mechanism and improve the early warning capabilities. Then, the different temporal-spatial
and scale-related characteristics of phase-based InSAR and amplitude-based offset tracking techniques
could be analyzed and evaluated. The exploitation of a seamless handover scheme and also the
definition of utilization criteria of the hybrid-SAR technique would be carried out step by step in giant
complex landslide research. A validation analysis could be carried out in more detail by combining in
situ monitoring data with time series deformation results. In this way, the integration of hybrid-SAR
time series displacements and ground-based monitoring data can facilitate a better understanding of
the landslide kinematics and the relationship to triggering factors.

6. Conclusions

Occurring on the eastern edge of the Tibetan Plateau in China, the Wenchuan Earthquake
triggered a number of landslides that slid onto populated towns and villages. Instead of having
a unitary characteristic and definite deformation mode, giant landslides normally have many different
topographic features, complex deformation patterns and different orientations with respect to radar
satellites. Thus, complex giant landslides require the use of different analysis methods to enhance the
coverage of different types of measurements.

In giant landslide research, the good terrain visibility to the radar sensor is a prerequisite for the
application of the hybrid-SAR technique. When considering the landslide deformation magnitude,
high-resolution InSAR techniques can be used to derive reliable movement for slow-moving landslides
with no or little decorrelation and with the displacement gradients not exceeding the measurable
threshold. On the other hand, for fast-moving landslides with movements greater than the SAR image
pixel size and even large enough to show significant change on the radar backscatter, the pixel offset
techniques based on the amplitude information can achieve a better result for displacement monitoring.
Moreover, dense vegetation cover hinders the exploitation of both techniques. Especially for the
rotational component of a complex landslide, the vertical and horizontal measurements are both
needed, which can be resolved by the measurement of the range and azimuth offsets using pixel-offset
techniques. Hence, the hybrid-SAR technique, which makes joint use of both phase-based and
amplitude-based methods, could be considered a robust methodological method to retrieve the
deformation of giant complex landslides.
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In the Xishancun Landslide, the phase-based DInSAR technique successfully provides a good
preliminary interpretation of landslide-prone areas, even when the satellite data acquired are not
abundant to conduct a robust time series study. In particular, the slow motions of the earthflow
and creeping regions show quite obvious fringes on the interferograms, with a displacement rate of
1 cm/month. Unfortunately, the densely-vegetated terrain on the landslide body invalidated the use
of the DInSAR approach in this specific region. However, due to the presence of contrasting features
(buildings and corner reflectors), offset tracking processing was successfully carried out and retrieved
the significant deformation tendency. Moreover, a typical rotational slide was also identified in the
results of both the offset tracking method and InSAR method. This slide is moving 2–3 cm per month
downwards and towards the riverbank. The combined analysis of the hybrid-SAR technique provides
reliable identification and monitoring of the Xishancun Landslide at the preliminary research stage.

Our work confirms hybrid-SAR to be able to promptly identify diverse landslides with different
deformation magnitudes, sliding modes and slope geometries, even when the available satellite data
are limited. The application of the hybrid-SAR technique allows for a comprehensive and preliminary
identification of areas with significant movement and provides reliable data support for the forecasting
and monitoring of landslides. Moreover, the effective evaluations of phase-based and amplitude-based
techniques in different application circumstances should be carried out in advance. Joint analysis and
cross-validation are both needed to thoroughly enhance the measurements of the entire landslide.
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Abstract: Time-series SAR/InSAR techniques have proven to be effective tools for measuring
landslide movements over large regions. Prior studies of these techniques, however, have focused
primarily on technical innovation and applications, leaving coupling analysis of slope displacements
and trigging factors as an unexplored area of research. Linking potential landslide inducing factors
such as hydrology to SAR/InSAR derived displacements is of crucial importance for understanding
landslide deformation mechanisms and could support the development of early-warning systems for
disaster mitigation and management. In this study, a sequential data assimilation method named
the Ensemble Kalman filter (EnKF), is adopted to explore the response mechanisms of the Shuping
landslide movement in relation to hydrological factors. Previous research on the Shuping landslide
area shows that the reservoir water level and rainfall are the two main triggering factors in slope
failures. To extract the time-series deformations for the Shuping landslide area, Pixel Offset Tracking
(POT) technique with corner reflectors was adopted to process the TerraSAR-X StripMap (SM) and
High-resolution Spotlight (HS) images. Considering that these triggering factors are the primary
causes of displacement fluctuations in periodic displacement, time-series decomposition was carried
out to extract the periodic displacement from the POT measurements. The correlations between
the periodic displacement and the inducing factors were qualitatively estimated through a grey
relational analysis. Based on this analysis, the EnKF method was adopted to explore the response
relationships between the displacements and triggering factors. Preliminary results demonstrate the
effectiveness of EnKF in studying deformation response mechanisms and understanding landslide
development processes.

Keywords: landslide; pixel offset tracking; corner reflectors; displacement; time-series; triggering
factors; data assimilation; Ensemble Kalman filter

1. Introduction

Landslides are a serious problem that can cause great loss to life and property. In the last century,
due to global climate change and human impact on the environment, landslides have occurred with
increasing frequency with corresponding economic losses and fatalities [1–3]. The Qianjiangping
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landslide located near Shuping for example, moved rapidly on 14 July 2003 and killed 24 people
with the direct economic losses of about seven million USD [4]. Deformation monitoring is therefore
essential since it can help us understand the characteristics and trends in landslide evolution and is
particularly important for the development of preventative measures such as disaster forecasting and
early warning systems [5–7].

In recent years, time-series SAR/InSAR techniques have been successfully used for detecting
earth surface deformation, including applications for landslide monitoring. These techniques include
Persistent Scatterer SAR Interferometry (PSInSARTM) [8], Small Baselines (SBAS) [9], Stable Point
Network (SPN) [10], Interferometric Point Target Analysis (IPTA) [11], Coherent Pixels Technique
(CPT) [12], Advanced InSAR algorithm (SqueeSAR) [13], Pixel Offset Tracking (POT) [14] and other
InSAR Time Series Analysis (TSA) techniques [15]. All these techniques permit observation of the
deformation distribution over the aerial extent of a landslide, unlike ground measurement techniques
such as GPS measurements that monitor a limited set of points [16]. To date, studies have focused
primarily on technical innovation and applications, but few have considered the interpretation of
landslide displacement measurements derived from SAR/InSAR images in relation to potential
triggering factors, although this work is of crucial importance to understand deformation mechanisms
and assist early-warning and disaster forecasting.

To extend this research, we propose a data assimilation methodology that enables a coupled
analysis between time-series SAR measurements and hydrological data. Data assimilation makes use
of all available information from measurements and models to estimate unknowns, thereby reducing
predictive uncertainties [17–19]. This method has been examined and applied in a number of fields
such as atmospheric and oceanic modelling for numerical prediction [19], regional- to global-scale
hydrometeorology for reflecting the land surface-atmosphere interaction [20], and catchment scale
hydrology for parameter estimation and hydrological analysis [21]. However, there are few applications
of data assimilation in landslide disaster research. We investigated the feasibility of this methodology
to study the deformation mechanism of the Shuping landslide area in relation to hydrological data,
e.g., water level and rainfall.

The Shuping landslide area is near the Three Gorges Reservoir. Previous studies revealed that
the Shuping slope stability was affected by the fluctuation of water level and rainfall, exhibiting
a maximum accumulative deformation of more than 1 m during 2008 and 2010 [22]. In a previous study,
we investigated the effectiveness of a modified POT method for fast-moving landslide monitoring at
the Shuping landslide site [22]. The deformation results were consistent with historic displacement
measurements acquired by GPS [23]. Coupling analysis, however, between the slope displacements
as derived from the POT technique and potential landslide inducing factors such as hydrology at
Shuping region is still an unexplored area of research.

In this paper, we present a new approach that applies EnKF to fill the gap in the research
that relates SAR/InSAR derived displacements to deformation mechanisms. The geological and
topographical conditions accounting for relatively stable long-term trends are not considered
in this paper, only the seasonally changing triggering factors related to periodic displacement
fluctuation [24–26]. Corner reflectors installed at/near the landslide zone served as point targets
to measure slope movements using the modified POT technique. A time-series decomposition method
was used to separate the POT displacement into periodic and long-term trend terms prior to analysis
of the interactions between landslide movements and hydrological factors. We conducted a grey
relational analysis and thus qualitatively evaluated the role of hydrological factors in the variation of
periodic displacement. In order to understand how inducing factors affect the development processes
of Shuping landslides, a sequential data assimilation method, the Ensemble Kalman filter (EnKF) was
adopted as it incorporates the available observations sequentially in time to explore the relationship
between the landslide periodic motion and hydrological factors. Predictions based on StripMap (SM)
mode and High-resolution Spotlight (HS) mode TerraSAR-X imagery were compared and analyzed
in relation to fluctuation changes in the water level and rainfall. Preliminary results demonstrate the
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feasibility of our proposed method for understanding the response relationship between POT derived
landslide movements and hydrological factors.

2. Methodology

2.1. Measuring Landslide Deformation with SAR/InSAR Data

Advanced remote sensing techniques based on Synthetic Aperture Radar (SAR) data are powerful
methods for detecting and monitoring gradual ground surface deformations at a reasonable cost.
Several authors have applied Interferometric Synthetic Aperture Radar (InSAR) to update landslide
inventories and the activity status of slope deformations at a regional scale [27–32], but some
drawbacks exist with regards to temporal and spatial decorrelations and the atmospheric phase
screen effects [30,33].

These limitations have been partially resolved by time-series InSAR techniques, such as persistent
scatterer SAR interferometry (PSInSAR™) [8], small baselines (SBAS) [9] or SqueeSAR [13,34].
These techniques make use of large sets of SAR images acquired at different times over the same area,
permitting observation of the temporal evolution of surface deformations. However, these advanced
time-series InSAR method cannot effectively extract surface displacement in areas with dense
vegetation coverage and mutation surface deformation due to loss of coherence [35–37].

The POT technology is based on amplitude cross-correlation between SAR images, and can
make up for the limitations of InSAR technology [14]. If stable Point Targets (PT), such as corner
reflectors, are used, displacement can be measured at a cm-level accuracy [22]. POT technology has
been recognized as an effective and robust tool for capturing the fast movement of the land surface
caused by events such as earthquakes, landslides, and glacier motions [22,38–40].

In our previous study, a modified POT technique was employed to detect the deformation at
the Shuping landslide area [22]. Two stacks of TerraSAR-X datasets acquired from 2008 to 2010
were analyzed to characterize the historic evolution of the Shuping landslide. In this study, corner
reflectors installed at/near the landslide zone were utilized as PTs to analyze the spatial-temporal
pattern of landslide deformations. Consequently, displacement measurements at these PTs were
reasonably considered as a surrogate for local landslide deformations and adopted in a response
analysis. The process flow of our proposed POT is illustrated in Figure 1—the details of this technique
can be found in [22].

 

Figure 1. The process flow of PT offset tracking.

2.2. Methods for Time-Series Decomposition

In this study, we conducted a coupling analysis between the POT time-series measurements
and the landslide destabilizing factors, e.g., the fluctuation of the reservoir water level and
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rainfall. Assuming that these hydrological factors with seasonal variations are the primary cause
of displacement fluctuations [24–26], time-series decomposition is needed to separate displacement
extracted by the POT technique into a trend term and a periodic term. The time-series decomposition
requires input data with the same time intervals. Because the time-series POT measurements are
incomplete, as some dates are missing, a cubic spline interpolation was thus adopted to generate data
for these missing but expected revisit times.

The processed displacement in the study area is a nonlinear, nonstationary curve influenced by
reservoir level fluctuations, seasonal precipitation and other random disturbances. To eliminate the
effect caused by random noise, de-noising processing must be applied to measurements. Then, the
displacement can be separated into trend and periodic components. The trend component was
computed by a quadratic polynomial fitting method and the seasonal component was calculated using
the difference between the displacement time-series and the previously estimated trend component.
The processing procedure for time series decomposition is shown in Figure 2.

 

Figure 2. The flow chart for time series decomposition.

The moving average method is believed to be an effective way to reduce the short-term uncertainty
caused by random disturbances and highlights longer-term cycles or trends [41,42]; thus, it was applied
to the displacement time-series derived from the SM stack. The time intervals for the moving average
method, were set at less than the cycle of the periodical factors to protect the seasonal signal from
damage. In this study, 16 historical series of displacements before 15 February 2009 in the SM stack
were set as the first moving window to conduct the moving average analysis, roughly one half-cycle of
the hydrological factors (approximately one cycle occurs per year). However, the HS stack derived
deformation time-series has only one complete cycle (one cycle per year) during the period from
February 2009 to April 2010. Therefore, it was impossible to use 16 historical series observations to
conduct the moving average analysis and at the same time obtain a complete period for the cyclical
variation of displacement. An alternative de-noising method must be found.
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In the grey forecasting model, the Accumulated Generating Operation (AGO) is adopted in
time-series data processing since it can weaken the randomness of the raw data and remove the
interference from noise [43,44]. In this study, the capacity of AGO to eliminate random noise in
deformations derived from SAR images will be explored. The time series of displacements at the
corner reflectors derived from SM dataset were employed to noise reduction using both the moving
average method and the AGO method. To estimate the feasibility of the AGO method, the resulting
seasonal deformations from the AGO method will be compared with that from the moving average
method. These results are shown and discussed in Section 4.2.

2.3. Coupling Analysis Scheme Based on Data Assimilation

EnKF is a sequential data assimilation method that can incorporate available observations
sequentially in time. It was first introduced by Envenson [45], and later clarified by Burgers et al. [46]
and Van Leewen [47]. The EnKF based upon the Monte Carlo method, applies an ensemble of
model states to represent model estimation and continuously updates error statistics over time [20].
An analysis scheme operates directly on the ensemble of model states when observations become
available for data assimilation. The EnKF has been applied in a number of fields such as atmospheric
and oceanic modelling for numerical prediction [18], regional- to global-scale hydrometeorology for
reflecting the land surface-atmosphere interaction [20], and catchment scale hydrology for parameter
estimation and hydrological analysis [21]. However, EnKF or indeed other data assimilation methods
have rarely been applied in landslide research. Given its widespread use in many domains, we adopted
the EnKF data assimilation method to study the deformation mechanism of a landslide in a reservoir
with the influence of hydrological factors, water level and rainfall.

2.3.1. Dynamic Process of a Landslide Evolution

Landslide evolution can be considered as a differential function that temporally integrates
dynamic states and model parameters under a driving force, such as rainfall or the reservoir level.
The functions for a landslide process can be denoted as a nonlinear stochastic process,

St`1 “ f pSt, Ut`1q ` ωt`1, (1)

where t denotes the time step, S is the state vector consisting of model parameters and variables, f is
the nonlinear forecast operator, U is a set of externally time-dependent forcing variables (e.g., rainfall),
and the noise term ω accounts for model error.

Observations using different instruments or techniques can be directly or indirectly related to the
model states and denoted as,

yt “ HpStq ` εt, (2)

where y denotes the observation vector, H is the observation operator that represents the deterministic
relationship between observation y and the true state S. Before data assimilation, the POT technique
is adopted to retrieve landslide displacement from original SAR signals/images; then, time-series
decomposition is applied to get the periodic component from the POT measurements. Because the
state vectors include periodic displacement, we designated a linear observation operator with only
0 s and 1 s as its entries. The observations are perturbed by white noise ε that represents the possible
measurement errors. This noise is mutually uncorrelated in space and time, with means equaling zero
and standard deviations scaling to the current values of variables and dependent on the measurement
accuracy of the monitoring tools and methods. For example, the achievable accuracy of displacement
measured by POT can be theoretically expressed as [48]:

σ “
c

3
10N

a
2 ` 5γ2 ´ 7γ4

πγ2 , (3)
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where γ is the coherence value and N is the number of pixels within the estimation window, equal to
11 ˆ 11 in our study. The coherence of the corner reflectors usually ranges from 0.8 to 0.9. Selecting
0.8 as the coherence value in our study yielded a calculated accuracy of approximately 0.0364 m.
Consequently, we applied a scaler factor of 0.4 to the values for periodic term displacement based on
the POT results.

In order to get optimal estimates for the parameters and states of interest, we combined
complementary information from Equations (1) and (2), which is the basic idea of data assimilation.
The EnKF sequential data assimilation method uses an ensemble of state vectors (a priori St) to represent
the true probability distribution of the state vectors (a posteriori St`1) by integrating the priori forward
in time as observations (yt) become available. The sequential data assimilation process is illustrated in
Figure 3.

S f S U ω= +

Figure 3. The sequential data assimilation process for this study.

2.3.2. Framework of Ensemble Kalman Filter

The EnKF algorithm consists of three processes for each assimilation step: a forecast based
on current state variables (i.e., solve landslide evolution equations with current static and dynamic
parameters), data assimilation (computation of a Kalman gain), and updating the state variables
and parameters.

Similar to Equation (1), the model forecast is executed in the EnKF for each ensemble member
as follows:

Si´
t`1 “ f pSi`

t , Ui
t`1q ` ωi

t`1, ωi
t`1 „ Np0, Qt`1q, i “ 1, 2, . . . , Ne , (4)

where Ne is the number of ensemble members, Si´
t`1 is the component of the ith ensemble member

forecast at time t+1, Si`
t is the ith updated ensemble member at time t, Ui

t`1 is the ith perturbed forcing
variables, and ωi

t`1 is independent white noise for the forecast mode, drawn from multi-normal
distributions with zero mean and specified covariance Qt+1. At time t+1, the observation ensemble
member can be written as,

yi
t`1 “ HSi`

t`1 ` εi
t`1, εi

t`1 „ Np0, Rt`1q, i “ 1, 2, . . . , Ne , (5)
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where yt+1 is observation vector at time t+1; HSt+1 is the observation data calculated from the true
state St+1, and εi

t`1 is the noise term with zero mean and specified covariance Rt+1.
In the analysis step, the observations are perturbed by adding random perturbations and used for

updating the state variation of each member. The update process can be expressed as,

Si`
t`1 “ Si´

t`1 ` Kt`1pyi
t`1 ´ HSi´

t`1q, (6)

Kt`1 “ P´
t`1HTpHP´

t`1HT ` Rt`1q´1
, (7)

Pt`1 « 1
Ne ´ 1

Neÿ
i“1

"”
Si´

t`1 ´ S´
t`1

ı ”
Si´

t`1 ´ S´
t`1

ı´1
*

, (8)

S´
t`1 “ 1

Ne

Neÿ
i“1

Si´
t`1, (9)

where S`
t`1 is the updated state vector after assimilation at time t+1, Kt+1 is the Kalman gain matrix

determining the weight between the modeling and observation states in the assimilation process, P´
t`1

is the forecasted background covariance matrix at time t+1; S´
t`1 is the mean of Ne forecasted state

vectors at time t+1.
Finally, the updated ensemble Si`

t`1 is figured out, of which we compute the mean to get
the updated state vector S`

t`1 which completes the process of data assimilation at time t+1.
Then, the updated ensemble Si`

t`1 is iterated forward along with Si`
t to repeat the entire process

for the next time step.

3. Study Area and Test Datasets

3.1. Study Area

The Three Gorges Dam (TGD) in China is the largest hydropower project in the world. Since the
Three Gorges Reservoir (TGR) went into operation in 2003, water level fluctuations have changed
the physical and mechanical properties of rock and soil around the reservoir. The resulting
ground deformation has re-activated previous landslides and created new landslide hazards [35].
Preconstruction landslide investigations for the TGD identified the Shuping landslide area as an old
landslide that was re-activated during the first impoundment of the TGR [49].

The landslide is located in the Shuping Village of Zigui County on the south bank of the Yangtze
River (Figure 1), approximately 49 km upstream of the Three Gorges Dam site [22,50]. The landslide
extends into the Yangtze River and lies at an elevation between 65 and 400 m with a width of about
650 m. It is a south–north oriented landslide with a slope gradient varying from 22˝ in the upper part
to 35˝ in the lower part. The landslide has an approximately 40–70 m thick sliding mass consisting
of about 20 million m3 of sandy mudstone and muddy sandstone belonging to the Triassic Badong
formation (T2b). Geological surveys show that landslides are likely to occur within this stratigraphic
unit in the Three Gorges area [51,52].

From Figure 4 we can see that in the past, a valley has divided the Shuping landslide into eastern
Block 1 and western Block 2 portions. Since 2005, 18 corner reflectors have been installed sparsely at
Shuping landslide to help understand the landslide evolution [53,54], as presented in Figure 5. Out of
the 18 corner reflectors, four (CR8, CR13, CR17, CR18) showed up only on images acquired after
24 January 2009. Among them, corner reflector CR12 is located on a stable area outside but adjoined to
the landslide and thus was used as a reference point [50].

174



Remote Sens. 2016, 8, 179

Figure 4. Location of the Shuping landslide in China (a,b) and a photo of Shuping landslide taken from
opposite bank facing south (c) [22].

 

Figure 5. The distribution of 18 corner reflectors at Shuping landslide.

The Three Gorges area belongs to a subtropical zone with a humid monsoon climate [55].
The average annual rainfall exceeds 1200 millimeters, concentrated between June and October.
The Shuping landslide area is located in a precipitation area characterized by heavy rain and storms.
Historic displacement measurements at Shuping using GPS and an extensometer indicated that the
rate of the ground deformation increased with the drawdown of the reservoir level and during the
period of increased rainfall in the wet season [4,35].

3.2. Datasets

In this study, we focus on Shuping landslide aiming to illustrate the suitability of data assimilation
for understanding the interaction between landslide movements derived from POT and the influence of
hydrological factors (i.e., reservoir water level and rainfall). For this purpose, four time-series datasets
have been considered and analyzed. Two of them correspond to the displacement time-series of the
landslide, which were measured by POT with TerraSAR-X StripMap (SM) and High Spotlight (HS)
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mode imageries. In addition, the other two correspond to the triggering factors, which are supposed
to be related with the landslide deformation mechanism.

The basic parameters of the SAR images are shown in Table 1. The SAR monitoring results were
obtained by processing 34 SM-mode and 36 HS-mode TerraSAR-X images through the POT approach.
A detailed description of POT technology and data processing can be found in [22]. The measurements
derived from the SM and HS dataset are two-dimensional in both azimuth and range direction.

Table 1. Basic parameters about the TerraSAR-X images.

Parameter SM Mode Data HS Mode Data

Orbit direction Descending Descending
Look angle 24˝ 39˝

Heading 190.7˝ 189.6˝
Antenna polarization mode VV HH

Azimuth spacing 1.96 m 0.87 m
Range spacing 0.91 m 0.45 m

Date of master image 17 November 2009 4 July 2009
First acquisition 21 July 2008 21 February 2009
Last acquisition 1 May 2010 15 April 2010

The daily reservoir water level was available for the period of June 2008 to May 2010. In November
2008, the TGR had become fully operational when its highest water level reached 175 m. Since then,
reservoir water level fluctuates between 145 m and 175 m over the course of a year. These seasonal
changes in water level exhibit clear seasonal changes due to artificial flood control [55,56].

Daily rainfall data are also available from the meteorological station at Badong in 2008 and Zigui
between 2009 and 2010. The rainy season of Shuping landslide area lasts from June to October each
year. The rainfall data in Figure 6 displays clear seasonal variations due to monsoon influences.

Figure 6. The fluctuations of the synchronous reservoir water level and rainfall.

As can be seen from Figure 6, the water level fluctuated in a cycle opposite to the natural
precipitation conditions. The reservoir began impounding at the end of the wet season in October and
quickly reached the maximum water level and maintained this from November to February for power
generation and navigation. Then, the reservoir water level was gradually decreased to the minimum
previous level during spring, for flood control.
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4. Experimental Results and Analyses

4.1. Deformation Characteristics of Shuping Landslide Area

As can be seen in Figures 7 and 8 three CRs, namely CR8, CR17 and CR18 are located on
a stable region outside the landslide area, and remained stable over a long period of nearly two years.
The cumulative displacements derived from both HS and SM stacks are not more than 0.1 m.
These results are reasonable and agree with the actual situation, which confirms the reliability of
POT in deformation monitoring. The distribution of displacement derived from HS and SM data
are almost identical in both azimuth and range at same locations, although the HS mode starting
acquisition date was seven months later with a 15˝ difference in look angle compared to the SM mode.

 
Figure 7. Monitoring displacements from 21 July 2008 to 1 May 2010 using SM data in (a) range and (b)
azimuth; Monitoring Displacements from 21 February 2009 to 15 April 2010 using HS data in (c) range
and (d) azimuth.

 
Figure 8. Displacements of CRs at Shuping landslide in range (left) and azimuth (right) during
February 2009 to April 2010. The black dot represents the SM-mode measurements, and the red dot
represents the HS-mode measurements.

Also shown in Figures 7 and 8 the spatial pattern of the measurements revealed that the
deformation of the Shuping landslide varies with location. The deformation distribution of Block-1
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was quite different with that of Block-2. The cumulative displacements at PTs within Block-1 are
almost uniformly distributed with approximate meter-level displacements moving toward Yangtze
River in azimuth. An approximate elevation-dependent displacement shows up as a large deformation
near the upper part of Block-1, while an almost stable state near the lower part of Block-1 in range.
In contrast, large displacements only show up in the eastern part of Block-2 neighboring Block-1,
while there is a nearly stable state present in the western part of Block-2. The cumulative azimuth and
range displacements at PTs within the eastern part of Block-2 are similar in spatial pattern to that of
Block-1, implying that these two areas may share a similar deformation mechanism.

As shown in Table 2, the other fourteen corner reflectors installed at the slide are artificially
categorized into three groups, considering their geographic locations and evolution features. The CR1,
CR5 and CR9 corner reflectors located in the western part of Block-2 were assigned in group 1. As can
be seen in Figures 7 and 8 displacements in this group were 0.1 m at the most, from which it can be
inferred that the western part of Block-2 was in a rather stable state from July 2008 to May 2010.

Table 2. Groups of 18 corner reflectors.

Groups No. of Corner Reflectors

Reference point CR12
Outside landslide area CR8, CR17 and CR18

Group1 CR1, CR5 and CR9
Group2 CR2, CR3, CR4, CR6, CR7 and CR10
Group3 CR11, CR13, CR14, CR15 and CR16

The CR2, CR3, CR4, CR6, CR7 and CR10 corner reflectors near the upper part and the profile
center of the landslide were denoted as Group 2; the CR11, CR13, CR14, CR15 and CR16 corner
reflectors near the lower part of the landslide were marked as Group 3. These two groups experienced
relatively significant displacement (Figures 7 and 8) and exhibited similar temporal evolution features
in both the azimuth and range during the study period, with similar abrupt displacements during
April to June in 2009 (Figure 9). However, difference displacements still existed in the range direction
between HS and SM measurements during the period February 2009 to June 2009. Such discrepancies
are primarily caused by the big difference in look angle [22], since the range measurements has a cosine
of the look angle relation with the vertical displacement. Consequently, when vertical displacement
stays constant, a larger look angle (HS-mode) corresponds to a larger range deformation.

The CRs in groups 2 and 3 show similar evolution features, two of the corner reflectors in Groups 2
and 3 were selected as the objects for analysis. One was CR2 located in the eastern part of Block-2,
belonging to the upper part of the landslide, the other was CR14 installed in Block-1, belonging to the
lower part of the landslide.

4.2. Time-Series Deformation Decomposition

As discussed in Section 2.2, the moving average method is the ideal method for eliminating
the short-term uncertainty caused by random disturbances; however, it is a calculation from
a moving window with 16 historical series observations, and infeasible for measurements from
a HS stack, since it has only one complete cycle (approximately one cycle per year) from February
2009 to April 2010; otherwise, we could not obtain one complete period of the cyclical variation of
displacement. Thus, AGO was adopted as an alternative to weaken the random disturbances from
SAR derived displacements.
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Figure 9. Time-series displacement of corner reflectors in Groups 2 and 3. (a–d) are displacement at
CRs in Group 2; (a,b) are displacement in range and azimuth using SM stack; (c,d) are displacement in
range and azimuth using HS stack; (e–h) are displacement at CRs in Group 3; (e,f) are displacement in
range and azimuth using SM stack; (g,h) are displacement in range and azimuth using HS stack.
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Displacement time-series at CR2 (in Block-2) and CR14 (in Block-1) derived from the SM dataset
were used to estimate the feasibility of the AGO method in eliminating the randomness of the raw
data. The de-noised displacements were separated into a trend and periodic components. The trend
component was computed by a quadratic polynomial fitting method, while the seasonal component
was calculated using the difference between the displacement time-series and the previously estimated
trend component. The resulting deformation components were rendered in Figures 10 and 11.

 
Figure 10. The decomposition results of CR2 and CR14 using the moving average method; (a,b) are
range and azimuth results of CR2; (c,d) are range and azimuth results of CR14.

As can been in Figure 10a–d, the results from moving average method at CR2 and CR14
shared similar trends of both components’ evolution; as was the case using AGO method, shown in
Figure 11a’–d’. These results are reasonable and confirm the stability of both methods in reducing
short-term random disturbances whilst the calculated seasonal deformations at CR2 and CR14 using
both methods had similar trends (also shown in Figures 10 and 11) with minor discrepancies (Figure 12).
However, because of the numerical sum of the AGO method, the derived results in Figure 11 are
cumulative deformations, not the actual deformations at corner reflectors. As a result, the numerical
values of both trend and periodic deformations were amplified many times as compared to those of
the moving average method. For the trend component results from the AGO method, the magnitude
depended on the time-series deformations of the corresponding corner reflectors, as shown in Figure 9.
As for the periodic component, since it was controlled by the same seasonal changes of water level
and rainfall, the amplitude of the fluctuation was uniform and approximately ten times the amplitude
calculated using the moving average method, as can be seen in Figure 12.
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Figure 11. The decomposition results of CR2 and CR14 using accumulated generating operation; (a’,b’)
are range and azimuth results of CR2; (c’,d’) are range and azimuth results of CR14.

Figure 12. A comparison of the calculated seasonal deformations between the moving average method
and the accumulated generating operation method. Deformation time series in both range and azimuth
were plot in (a,b) for CR2 and (c,d) for R14.

However, this different amplitude did not involve obstructions in subsequent processing, because
we took the computation from the moving average method as a reference unit in the follow-up
experiments. As a result, the AGO method could be used as an alternative and we compared it
to the moving average method to make sure that AGO can be used to reduce short-term random
disturbances. Even though AGO can be used as an alternative method, it still has disadvantages
since it may smooth the peaks of the data, as shown in Figure 12. The moving average method can
counteract the over-smoothing effect of AGO. Consequently, if sufficient data is available, the moving
average method is recommended. Other methods, such as wavelet analysis in frequency domain,
can certainly be considered to get rid of the short-term disturbance.

181



Remote Sens. 2016, 8, 179

4.3. Impact Factors for Landslide Deformation

In Section 4.2, time-series decomposition was applied on two corner reflectors (CR2 and CR14)
to extract the periodic displacement from the POT measurements. In this section, the periodic
displacement of the CR14 corner reflector with severe fluctuation was chosen to analyze the relationship
between the deformation and the causes.

We applied a grey relational analysis to determine the correlation between periodic deformation,
water level and rainfall. The grey system theory proposed by Deng in 1982 [44] has been shown to be
useful when dealing with incomplete and uncertain information. The grey relational analysis based on
grey system theory can be effectively used to solve the complicated interrelationships among multiple
performance characteristics [57]. Through grey relational analysis, one can obtain the grey relational
degree to evaluate the correlation of different measurement data. The range of the relational degree
value is ´1 to 1; the closer the value to 1, the higher the correlation of two sequences. The calculated
grey relational degrees are list in Table 3.

Table 3. The correlation between periodic deformation and reservoir level as well as rainfall.

Data Source Reservoir Level Rainfall

SM mode
range 0.878 0.776

azimuth 0.878 0.776

HS mode
range 0.864 0.807

azimuth 0.863 0.807

As can be seen in Table 3, the periodic component of the SAR time-series measurements was
strongly correlated with reservoir level changes and seasonal precipitation. As shown in Figure 13,
the periodic displacement fluctuated along with the variation of reservoir level and rainfall. It increased
during the wet season with the water level remaining stable or rising, and decreased gradually with the
reservoir level failing at the beginning of rainy season, indicating that the fluctuation of the reservoir
water level was the major factor influencing deformation in the Shuping landslide area.

In our previous study [22], we demonstrated that the total deformation was affected by the
drawdown of the water level from April to June, but not by the sharp rise of the water level in October.
From Figure 13, the water level rose rapidly from 145 m to 170 m during September to November both
in 2008 and 2009. The change in deformation was very small, however, especially after excluding the
effects of precipitation. Conversely, a very large deformation gradient occurred when the reservoir
water fell quite rapidly from 170 m to 145 m in the period of November to April in both 2008 and 2009.

Since the rainy season of the Three Gorges area lasts from June to October, as can be seen in
Figure 13, impacts of the rainfall on displacement appeared before the reservoir impoundment during
the period of July 2008 to September 2008 and the period of June 2009 to September 2009. Larger
periodic displacement occurred at the end of the rainy season when the reservoir water level had
reached its highest in November 2008 and 2009. Combining these analyses, it is apparent that the
fluctuation of reservoir water levels and rainfall were two significant triggering factors influencing the
deformation in the Shuping landslide area.

4.4. Data Assimilation Results

Although the relationships among the rainfall, the water level, and landslide displacement were
qualitatively analyzed in Section 4.3, a quantitative representation of this relationship needs further
confirmation. The EnKF was adopted to validate the quantitative interactions of the Shuping landslide
movement under the influence of hydrological factors.
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Figure 13. The periodic component of the SAR time-series derived from SM mode data in range (a)
and azimuth (b) and that from HS mode data in range (c) and azimuth (d).

The measured deformations are available at an interval of 11 days, during this short time-step,
the variation of the periodic displacement was very small. Thus, the fluctuation of the periodic
motion can be perceived as smooth, as shown in Figure 13. With this in mind, we considered periodic
displacement to be a function of the water level and rainfall. Thus, a Taylor series expansion could be
applied. The dynamic equation of periodical deformation can be expressed as:
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where d is the periodic motion, wt and rt is the reservoir water level and rainfall at time t respectively,
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Br2 are the first and second partial derivatives of periodic displacement versus

water level w and rainfall r, g is the third order or higher remainder term of the Taylor expansion with
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a small value. In quantitative terms, the effects of the trigging factors are not comparable because
of different units of measurement and dimensions. To eliminate the effect of the index dimension,
Min-Max Normalization was carried out [58].

In this study, the ensemble number Ne was set to 1000; the standard deviation g was scaled with

a scaling factor of 10% multiplied to the current forecast values. Since,
Bd
B w

,
Bd
Br

,
B2d
Bw2 , and

B2d
Br2 are

partial derivatives, we could not accurately estimate certain values. Thus, we take these four partial
values as model parameters in the state vector and updated them synchronously during assimilation.
Based on these parameter settings and those discussed in Section 2.2, the model iteratively ran through
the time-steps in sequence while being assimilated to the water level and rainfall observations.

The assimilation and simulation results after the parameters were optimized for the periodic
motion of the CR14 corner reflector in both range and azimuth from February 2009 to April 2010
are shown in Figure 14. These figures show that, as the assimilation is progressing, the data
assimilation estimates provided good representation of the SAR derived displacements and the
optimized parameter simulation results become more reliable than the testing results after running
a few steps. The mean absolute error of the assimilation results were shown in Figure 14. We can
see that at the beginning of data assimilation, the estimation error of EnKF was relatively high with
maximum error at approximately 25 mm, but, after a few steps forward, it decreased gradually.
However, it could not reach zero due to either the incomplete parameters or the observation errors
already incorporated in the dynamic process.

Since the four parameters used in the dynamic equation were synchronously optimized
by assimilation observations during the data assimilation process. This allowed the predictive
uncertainties of the periodical deformation to be reduced. In this study, data assimilation progressed
until finishing assimilation the observations acquired on 20 April 2009 and 15 April 2009 for SM- and
HS-mode series. Then, we adopted the updated model parameters to make a short term forecast for
the periodic term displacement. As can been seen in Table 4, the short term forecasts are consistent
with our analysis of the relationship between the deformation and the impact factors in Section 4.3.
In concrete terms, the hydrologic conditions of the Shuping landslide area are as follows: the water
level of TGR remains low during the period from May to September and the rainy season in the
Three Gorges area does not begin until June. Consequently, in May, the corresponding displacement
variation affected by the fluctuation of water level and rainfall reduces to the lowest value; that is to
say, the periodic motion of CR14 falls to the lowest level in May. Conversely, with the commencement
of the rainy season in June, a gradual increase of the periodic displacement occurred. As can be seen
in Table 4, although the results from the two stacks do not strictly align in terms of timing, these
results are consistent with the developing trend, which suggests the feasibility of data assimilation for
studying the combined effects of presumed triggering factors on landslide deformation. Considering
that we placed the uncertain parameters of the model into the state vector to synchronize updates,
this approach relies on state-parameter dependencies and is not able to provide good estimates if the
dependencies are weak. To address this challenge, novel variants of the EnKF, such as dual estimate
approaches [59], may be useful remedies.

Results confirm that EnKF is suitable for landside research. It can continually update landside
states and model parameters when new data become available. Recently, the EnKF has become
popular in many areas of the earth sciences because it is easy to use, is flexible, and has relatively few
restrictive assumptions [19,21]. However, the potential of EnKF in landside disaster research needs
further exploration to address ongoing issues in the coupling mode between the landslide observations
(including the in situ measurements and remote sensing retrieval data) and other mechanism models
(e.g., Transient Rainfall Infiltration and Grid-based Regional Slope-Stability Model (TRIGRS) and in the
Fast Lagrangian Analysis of Continua model (FLAC3D)). If these issues are settled, then this method
could assist in disaster early-warning systems and forecasting.
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Figure 14. The assimilation results and their corresponding mean absolute error of periodic motion
at point CR14 from February 2009 to April 2010; among them (a,b) were assimilation and simulation
results from SM mode stack in range and azimuth separately with (a’,b’) as the corresponding mean
absolute error; (c,d) were assimilation and simulation results from HS mode stack in range and azimuth
separately with (c’,d’) as the corresponding mean absolute error.

Table 4. A short term forecast of the periodic term displacement.

Date Range (mm) Azimuth (mm)

26 April 2010 (HS) ´46.9 ´54.3
1 May 2010 (SM) ´49.4 ´59.1
7 May 2010 (HS) ´43.6 ´50.1

12 May 2010 (SM) ´42.9 ´51.4

In specific applications, the success of data assimilation is quite dependent on the error
specification in the model, error in observations, and the ensemble size. When designing the data
assimilation scheme, EnKF requires error estimations of the dynamic process and error estimation for
the observations to properly couple model predictions with observations. However, it is very difficult
to quantify these errors because the sources and statistical structure of each error are often unknown.
In this study, we assumed that larger value variables could introduce larger errors; thus, the error
noises were represented by adding a scaling factor to the then-current values of the variable. In actual
applications, it is preferable to overestimate rather than underestimate errors as the underestimation
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may result in filter divergences. However, a much larger bias would make the system unstable
and propagate improper information to the next time step, thus spoiling assimilation performance.
The ensemble is a set of realizations in the EnKF and used to approximate the probability distribution
of the state variables. Generally, enlarging the ensemble size enables the EnKF to propagate the
error information more accurately; however, at the same time, it increases the computational burden.
Consequently, if there is no calculation burden, we prefer a larger ensemble size (e.g., 1000) to get
a more accurate result; or if a large complex model is adopted in the assimilation scheme, we have to
make a compromise between estimation accuracy and computational feasibility.

5. Conclusions

In recent years, time-series SAR techniques have been successfully applied to detect landslide
deformation. However, most of these studies focused primarily on technical innovation and
applications. Few studies have considered the further interpretation of SAR/InSAR derived landslide
displacements in relation to potential triggering factors, although this work is of crucial importance to
understand deformation mechanisms and assist disaster early-warning and forecasting.

In this study, we executed a coupled analysis based on data assimilation methodology to explore
the displacement response in the Shuping landslide area under the influence of hydrological factors.
Corner reflectors installed at/near the landslide zone were utilized in the Pixel Offset Tracking (POT)
technique to analyze the spatial-temporal evolution of landslide deformation. The measurements
with SM- and HS-mode TerraSAR-X imageries showed consistency in their spatial-temporal patterns.
Because the corner reflectors usually maintain very high coherence (>0.8), the achievable accuracy can
reach cm-level.

Since the reservoir water level and rainfall are the primary causes of displacement fluctuations,
they can be regarded as periodic displacement. Therefore, we performed time-series decomposition
on the POT monitoring results to obtain the periodic displacement. Our seasonal deformation results
showed that the AGO can be used as an alternative method to weaken the random disturbance from
SAR derived displacements. However, if sufficient data is available, the moving average method
is preferable. Then, a grey relational analysis was conducted to estimate the grey relational degree
between the periodic displacement and the inducing factors.

We adopted a sequential data assimilation method named EnKF to study the quantitative
interactions of the landslide movement under the influence of hydrological factors. By incorporating
available observations sequentially in time, the variables and parameters used in dynamic equations
were synchronously optimized, the resulting assimilated estimates matched well with the SAR derived
displacements while the predictive uncertainties were reduced over time. The predictions of periodic
displacement for SM- and HS-mode time-series were compared and analyzed with the seasonal
variation of the trigging factors. These results showed similarities with developing trends and were
consistent with variation of the trigging factors.

Preliminary results confirmed that the EnKF is feasible for studying the deformation response
mechanisms of landslide areas near a reservoir under the influence of hydrological factors. To facilitate
the success of data assimilation processing, error specification must be consistent with the model
capability and the measurement flexibility. We propose the EnKF sequential data assimilation method
as a possible approach to get an accurate estimation of a current landslide state and generate prognostic
variables for landslide evolution, which are of particular importance for disaster forecasting and
developing early warning systems.

As the triggering factors of rainfall episodes and reservoir water levels continue to change,
the variation in the Shuping landslide kinematics will also continue over time. Though the current
deformation may not have a devastating impact, significant deformation showed up in Block-1 and
the eastern part of Block-2. The maximum cumulative deformation exceeded 1 m during the period
of July 2008 to May 2009. In contrast, a rather stable state was identified in the western part of
Block-2. Therefore, the landslide deformation monitoring with mechanism analysis is a vital tool
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for understanding the further progress of the landslides and subsequently developing early hazard
warning systems. Further studies will be followed by combining multi-track SAR data to derive
the three-dimensional displacement fields for the Shuping landslide area, since they are favored by
geologists when investigating earth surface deformation mechanisms.
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Abstract: This work concerns a proposal of the integration of InSAR (Interferometric Synthetic
Aperture Radar) data acquired by ground-based (GB) and satellite platforms. The selected test site is
the Åknes rockslide, which affects the western Norwegian coast. The availability of GB-InSAR and
satellite InSAR data and the accessibility of a wide literature make the landslide suitable for testing the
proposed procedure. The first step consists of the organization of a geodatabase, performed in the GIS
environment, containing all of the available data. The second step concerns the analysis of satellite
and GB-InSAR data, separately. Two datasets, acquired by RADARSAT-2 (related to a period between
October 2008 and August 2013) and by a combination of TerraSAR-X and TanDEM-X (acquired
between July 2010 and October 2012), both of them in ascending orbit, processed applying SBAS
(Small BAseline Subset) method, are available. GB-InSAR data related to five different campaigns
of measurements, referred to the summer seasons of 2006, 2008, 2009, 2010 and 2012, are available,
as well. The third step relies on data integration, performed firstly from a qualitative point of view
and later from a semi-quantitative point of view. The results of the proposed procedure have been
validated by comparing them to GPS (Global Positioning System) data. The proposed procedure
allowed us to better define landslide sectors in terms of different ranges of displacements. From a
qualitative point of view, stable and unstable areas have been distinguished. In the sector concerning
movement, two different sectors have been defined thanks to the results of the semi-quantitative
integration step: the first sector, concerning displacement values higher than 10 mm, and the 2nd
sector, where the displacements did not exceed a 10-mm value of displacement in the analyzed period.

Keywords: satellite interferometry; ground-based radar; radar data integration; rockslide monitoring

1. Introduction

On the basis of recent evaluations, landslides represent the most frequent geo-hazard, occurring
worldwide more frequently than any other natural disaster, including earthquakes and volcanic
eruptions [1]. Landslides pose great threats to human lives, causing thousands of deaths and injured
people every year (e.g., [2–4]). Moreover, every year, landslides cause billions of dollars (e.g., [5–7])
of direct and indirect socio-economic losses, in terms of property and infrastructure damage and
environmental degradation.
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In addition, landslide disasters show a documented increasing trend, mainly owing to the over
exploitation of natural resources, improper land use planning and growing urbanization, which
determines an increase in the population exposed to the landslide risk [8]. In this sense, the effort of
the scientific community is focused on determining every possible measure of risk mitigation.

At the basis of the risk mitigation strategies, there is the deep knowledge of the phenomena,
which, in the landslide field, is related to monitoring activities. Dealing with landslides, monitoring
activities rely on the measurement of displacement fields in order to assess the temporal evolution and
spatial distribution of moving areas.

This type of information represents key parameters to geometry and kinematics assessment of a
mass movement; it is of great value especially in those urbanized areas endangered by movement and
where the investigated phenomenon is going to threat valuable elements at risk.

Remote sensing and Earth observation (EO) data have a major role to play for studying
geohazard-related events at different stages, such as detection, mapping, hazard zonation, modeling,
prediction and monitoring.

During the last decade, different monitoring and remote sensing techniques, devoted to landslide
analysis, have undergone rapid development. Among them, Interferometric Synthetic Aperture Radar
(InSAR) techniques have seen an increasingly greater spread. Firstly conceived of and developed for
data acquired from space-borne platforms, InSAR methods were later applied also on ground-based
platforms (GB-InSAR). Especially as regards landslide and unstable slope monitoring activities,
GB-InSAR systems have become more and more popular over the last few years [9–11].

InSAR techniques belong to the family of active remote sensing techniques, and thanks to their
intrinsic characteristics, they present many advantages in the field of landslide monitoring and
management with respect to conventional, geodetic techniques.

Among the several advantages that could be counted, the possibility to collect systematic and
easily updatable acquisitions and to produce time displacement maps of several square kilometer wide
areas can be considered the crucial benefits of these techniques. Moreover, they are able to observe
the investigated instable areas under any light and weather conditions, obtaining displacement
measurements with high precision.

PS-InSAR (Permanent Scatterer InSAR) [12,13] was the first technique, developed by TRE
(TeleRilevamento Europa), specifically implemented for the processing of several (at least 15 or
more) co-registered, multi-temporal space-borne SAR images of the same target area.

This kind of technique is useful in order to obtain the deformation time series and the deformation
velocity of stable reflective point-wise targets, called PS, with respect to a reference point considered as
stable. These targets are represented by hand-made artifacts (e.g., buildings, railways) and/or natural
targets, such as rocky outcrops. The measurement of the PS displacement occurs along the satellite
line of sight (LOS).

Specifically, the precision on the deformation rate is about 0.1–1 mm/y [12–17] by using satellite
InSAR techniques.

Several other approaches have been proposed for the processing of multi-interferometric long
series of SAR images; most of them have been satisfactorily compared by [16] and by [18].

Among the several approaches, the Small BAseline Subset (SBAS) technique uses small baselines,
multilook data and a coherent-based selection criterion [18,19].

The ground-based SAR interferometer (GB-InSAR) is a terrestrial system that emits and receives
microwaves moving along a rail track, multiple times [9–11,20,21]. Its cross-range resolution is directly
proportional to the length of the rail. This kind of sensor measures both the amplitude and the phase
of the radar signal. The phase can be profitably used in order to monitor ground deformation. The
GB-InSAR can acquire an image every few minutes, allowing the monitoring of faster movements
with respect to the satellite sensors. As regards GB-InSAR techniques, they are able to acquire
sub-millimetric deformation rates [11]. Finally, the possibility to retrieve the temporal evolution of a
single landslide(s) system without physical access to the unstable slope or the necessity of positioning
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any targets on the ground is a great advantage when the observed area is a steep, mountainous
slope [22–24].

In this paper, in order to improve the applicability of InSAR techniques in the field of landslide
monitoring, a proposal of the integration between ground-based and satellite InSAR datasets is
presented. The integration is possible thanks to the intrinsic features of the techniques, which can be
considered partially complementary, in terms of spatial and temporal resolution.

The integration procedure is based on three main steps: a qualitative integration, with the
implementation of a geodatabase to differentiate stable from unstable areas; a semi-quantitative
integration, which is based on data homogenization and evaluation of macro-areas with different
displacement values; and a quantitative integration, where data can also be analyzed in terms of time
series, which can be used to apply forecasting algorithms. This third step is possible only if high
precision long time series data are available.

In this work, the Åknes test site has been selected to apply the first and second steps of the
proposed procedure. The Åknes rockslide is located on the western coast of Norway, a country highly
susceptible to large rockslides due to its numerous fjords, steep topography and high relief [25].
The Åknes rockslide is an unstable mass rock of about 50 million m3 [26]. The unstable area represents
a threat, in case of collapse, for the several communities located on the same fjord (Sunnylvsfjorden),
mainly in terms of a possible induced tsunami. The availability of GB-InSAR and satellite InSAR
data, with a period of overlapping measurements, makes the rockslide suitable to test the proposed
integration procedure, in its first and second steps. Thanks to the implementation of this new
approach, more precise information on the ground displacement pattern was obtained, together
with an implementation in data coverage on the observed scenario. These improvements could be
helpful in risk mitigation strategies.

2. Materials and Methods

2.1. Data Integration

The intrinsic features of ground-based and satellite InSAR techniques, in terms of both their
advantages and limitations, make them particularly suitable to be applied together in the field of
landslide mapping, monitoring and risk management [27–29]. These techniques are indeed in a way
that is complementary and suitable to be used in a synergistic way. On the one hand, satellite InSAR
techniques are useful for monitoring unstable areas under specific conditions: the main limitations
related to its applicability regard the satellite revisiting time, the slope exposure with respect to the
sensor LOS and the velocity of the investigated movements with respect to the wavelength and
the repeat-pass interval [30]. Due to the inherent limitations of current space observation systems
and relevant data processing technique, satellite InSAR techniques are currently applicable only
to two classes of the Cruden and Varnes (1996) [31] classification: extremely slow and very slow
movements (velocity < 16 mm/y and 16 mm/y ď velocity < 1.6 m/y, respectively). Nevertheless, the
satellite InSAR technique ability of measuring very slow and smooth ground displacements represents
a valuable support to landslide hazard prevention activities over wide areas, giving the opportunity
to detect extremely slow, precursor movements that usually occur several weeks or months before
the catastrophic failure, preceding major landslide disasters [32,33]; in the case of moving rockslides,
the technique can also be useful to detect acceleration phases (tertiary creep) [34]. On the other hand,
GB-InSAR allows a continuous monitoring of the displacements ranging from a few millimeters per
day up to 1 or more meters per day, on a more local scale [11]. Furthermore, the instrument flexibility
enables the investigation of shadow areas of hillsides not illuminated by the beam of the satellite
radar sensor, and it allows to choose, during the installation phase, the best line of sight (LOS). These
characteristics make this technique particularly useful for emergency phases [35].
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Because of the above-mentioned characteristics and differences, the integration of these techniques
enables us to obtain useful information on ground displacement patterns, with high precision and
improved spatio-temporal resolution and coverage, compared to the stand-alone use of each technique.

In this paper, an attempt to define a procedure to integrate ground-based and satellite InSAR
datasets is described, in order to use the results of both techniques, in those areas where both data are
available, as in the case of the Åknes test site.

A schematic description of the proposed integration methodology is shown in Figure 1.

 

Figure 1. Schematic representation of the proposed integration methodology.

Data integration is performed during the post-processing phase, and it can be achieved by using
a qualitative and/or a semi-quantitative approach.

2.1.1. Qualitative Integration

The qualitative approach is preparatory, allowing the collection of more information about
displacements, also in those areas concerning shadowing if observed using only a single dataset.

Therefore, a preliminary phase is characterized by data collection, including the acquisition of
ancillary data (i.e., orthophotos of the study area, pre-existing landslide inventory maps, the results of
geological and geomorphological field surveys, etc.) and the available SAR data, acquired both from
space-borne and ground-based platforms (Figure 1).

In case of landslide collapse, datasets are distinguished, on the basis of the acquisition time,
in pre-, during and post-event datasets, and they are compared with each other considering the time
span to which they refer. Generally, SAR satellite data cover longer periods than GB-InSAR data,
thanks to the existence of historical archives resulting from the spatial missions carried out over recent
years, starting from 1992 with the launch of the ERS-1 satellite.
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On the other hand, ground-based systems generally provide post- or at least during event data,
because they are usually installed in emergency phases, when the landslide has already collapsed.
An exception is represented by rockslides, which are often monitored also during the pre-collapse
phase, to detect acceleration phases, as in the case of the Åknes rockslide.

By using GIS (Geographical Information System) platforms, InSAR data can be easily observed in
a two-dimensional geo-referred space. Integrated satellite and ground-based displacement maps can
be performed to distinguish the areas characterized by displacements from the areas without evidence
of movements, following a binary approach (stable/unstable). The combined use of satellite and
ground-based SAR data can provide ground displacement measurements with higher spatio-temporal
resolution and coverage than the stand-alone use of the techniques, which can be satisfactorily applied
for mapping and monitoring landslide phenomena [27,36].

In order to validate the integration methodology, the results can be qualitatively compared to the
available ancillary data or to the results of scheduled field surveys.

2.1.2. Semi-Quantitative Integration

Moving to the semi-quantitative approach, as the first step, it is necessary to take into account the
different temporal and spatial resolutions of compared datasets, in terms of time and space. Therefore,
firstly, data have to be homogenized. The level of homogenization that is possible to obtain defines the
integration accuracy.

Generally, datasets with finer temporal resolution are re-sampled, reducing their resolution to
values comparable to the ones of the other datasets. For example, with respect to the satellites (in the
best conditions, new generation sensors are able to acquire every day [37]), ground-based systems
have a better resolution; they are indeed able to acquire several times per day; however, ground-based
datasets are rescaled to become comparable to data acquired by space-borne sensors. The same
happens for the spatial resolution, where data are re-sampled referring to the pixel size of data with
coarser resolution (generally satellite data).

Another important limitation on the quantitative integration is related to the intrinsic feature of
the technique to be capable of acquiring only the LOS component of displacements. With more than
2 viewing geometries, the real displacement vector can be obtained as proposed by Wright et al., 2004 [38].
With a range of approximation, 2 geometries could be enough to compute the real displacement
vector components [38]. In the best conditions, satellite data are available in two different acquisition
geometries: ascending and descending. Combining the information obtained by these different
geometries, it is possible to extract the vertical and horizontal (in the east-west direction) components
of the movement [39]. Therefore, two of the three components of the real vector displacement
are identified; these two components allow the detection with a good approximation of the real
displacement vector. Once the “almost real” displacement vector is identified, satellite data are
compared to ground-based datasets, in order to calculate the displacement percentage also detected by
GB-InSAR systems. Generally, because of the different acquisition geometries, space-borne sensors are
able to estimate a small component of the 3D real motions; on the contrary, ground-based platforms
are able to detect a big part of the real vector of displacement by using an LOS as parallel as possible to
the displacement direction.

Usually, satellite datasets are often available in only one of the possible configurations (ascending
or descending). In these very frequent cases, satellite and ground-based data are projected on a
common direction, considered as the most probable direction, along which the real displacement
develops. Generally, this direction is approximately considered the downslope direction; it is almost
true if the investigated phenomena have a surface rupture as parallel as possible to the topography,
which is typical of translational slides. The methodology used for the projection is based on a simplified
formula with respect to the equation introduced by [38]; the proposed method is described in [40] and
later in [27,41,42]. The input data consist of the angular values of aspect and slope (derivable from the

194



Remote Sens. 2016, 8, 237

digital terrain model) of the area affected by the investigated landslide phenomena and the azimuth
angle and the incidence angle of the LOS, both from the satellite and the GB-InSAR.

After calculating the direction cosines of LOS and slope (respectively functions of azimuth and
incidence angles and aspect and slope angles) in the directions of zenith (Zlos, Zslope), north (Nlos,
Nslope) and east (Elos, Eslope), the coefficient C is defined as follows (Equation (1)):

C “ Zlos ˆ Zslope ` Nlos ˆ Nslope ` Elos ˆ Eslope (1)

C gives information about the portion (percentage) of “real” displacement detected by space-
borne/ground-based sensors.

The “real” displacement (Dreal, Equation (2)) is defined as the ratio between the displacement
recorded along the LOS (Dlos) and the C value:

Dreal “ Dlos{C (2)

By using the MATLAB interface, an automation of the projection procedure is obtained.
In some cases, the projection algorithm could be applied to a set of angular conditions in which the

LOS and the downslope angle directions are nearly perpendicular: in these situations, the projection
could lead to large estimate errors, especially when small movements in the LOS are processed. These
particular values, for simplicity called “outliers” (Figure 2), can be highlighted by applying a filter on
the MATLAB script [43]. This problem is generally more common in satellite datasets, where the LOS is
likely to be very different from the downslope direction; it is less common in the case of ground-based
projected data, because of the similarity between the GB-InSAR LOS and the downslope direction of
the investigated slope.

 
Figure 2. Projection geometry of LOS movement on slope direction (A) and the definition of outlier
angle range (B) (modified from [39]).

Finally, the result of data integration by using a semi-quantitative approach consists of the
production of ground deformation maps or ground velocity maps in relation to the projected input
data (displacement or velocity values). These maps, containing the information related to both satellite
and ground-based InSAR data, can also be superimposed on ancillary data. An additional step in
the quantitative approach to the integration methodology is represented by the time series analysis,
in case of the availability of long time series; comparing displacement/velocity time series of selected
points on the ground deformation/velocity maps allows the quantitative information deriving from
projected data to be increased. The points, selected for extracting time series, are generally chosen in
areas where the radar signal is characterized by high stability, a high signal/noise ratio, high power
and coherence parameters.
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For these high quality points, both the satellite- and ground-based time series can be analyzed
and compared.

2.2. Åknes Test Site

2.2.1. Location

The Åknes rockslide is located in the northwestern side of Sunnylvsfjorden, a branch of the
Storfjorden, on the western Norwegian coast (Figure 3). It is considered one of the most hazardous
rockslide areas in Norway [44], including about 50 million m3 of rock [26], characterized by continuous
creep. The location of the landslide body, which develops above the fjord and near several communities,
makes the surrounding area exposed to a high level of risk, mainly in terms of a possible tsunami,
induced by the collapse of rock material into the fjord [45,46]. The area also represents one of Norway’s
most visited tourist attractions, thanks to the natural beauty of the mentioned fjord (the nearby
Geirangerfjord is listed on UNESCO’s World heritage list). The importance of the study area makes
Åknes one of the most investigated and monitored rockslides in the world.

Figure 3. Åknes rockslide location on the Norwegian coast (A) and zoom on the area affected by the
rockslide, whose location is emphasized by a red polygon (B).

2.2.2. Geological and Geomorphological Setting

From a geological point of view, the Åknes rockslide is located in the Western Gneiss Region of
Norway. Gneisses of Proterozoic age represent the bedrock’s dominant lithology of the area, and they
exhibit the effects of alteration and reshuffle suffered during the Caledonian orogeny [47].

The geological setting of the area, especially as regards gneisses lithologies, is characterized by
intense foliation, which strongly contributes to determine slope instability; the main cracks are indeed
developed along foliation plans [48].

Various sub-domains can be distinguished in the rockslide body [44].
Kristensen et al. [49] identified two main sectors based on different deformation patterns and

consequently different risk scenarios. The first scenario corresponds to the upper portion of the slope,
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and it is characterized by higher displacement values with respect to the second scenario, which
corresponds to the middle sector of the slope; nowadays, the lower part of the slope is not affected by
significant deformation [44]; therefore, it is not taken into account in this work (Figure 4).

As regards the deformation pattern, the upper part of the landslide is mainly concerning extension
forces, in contrast to the lower part, which is characterized by generalized compression. The upper
zone is delimited by a back scarp, which is controlled by pre-existing foliation planes or pre-existing
fractures; the major upper crack is about 800 m long. The basal sliding surface seems to be controlled
by foliation, as well; it dips 30˝–35˝ to S-SSE, and it extends almost parallel to the topography.
A steeply-dipping, NNW-SSE-trending fault defines the western boundary, and the eastern boundary
is defined by a gently-dipping, NNE-SSW-trending fault [44]. The toe location is not so clear, but it can
be approximately located at 75–100 m a.s.l. [50] (Figure 4).

Figure 4. Rockslide distinction in two different risk scenarios and its delimitation taking into account
the main detected geomorphological features [44,50].

More information about the rock slope geological setting can be found in [51–53] and in [54],
where the results of extensive field and non-field work activities are summarized, such as geological
and geophysical investigations, numerical modelling, etc.

2.3. Available Datasets

2.3.1. GB-InSAR Monitoring Activity

Åknes is one of the most studied rockslides in the world.
It takes advantage of one of the best organized early warning systems, which, in turn, can exploit

a really complete monitoring network [55,56].
Moreover, starting from 2006, GB-InSAR campaigns have also been performed, in the context

of the Åknes/Tafjord project (now part of the Norwegian Water Resources and Energy Directorate,
in Norwegian Norges vassdrags- og energidirektorat (NVE) [57]). The instrument was provided by the
Italian Society Ellegi LiSALab s.r.l. [58]. Five GB-InSAR campaigns have been achieved, specifically in
the summer seasons of 2006, 2008, 2009, 2010 and 2012 (Table 1).
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The system was installed on the opposite side of the fjord with respect to the rockslide, in a
location named Oaldsbygda (Figure 5), equipped with an Internet network and a power supply. Very
strong atmospheric effects concern the images acquired from this location, because of the sudden and
very fast changes of local atmospheric conditions on the fjord, which is crossed by the radar signal
during the acquisitions. Because of these technical problems, the nominal sub-millimetric accuracy
of GB-InSAR systems is here reduced to millimetric accuracy. The stability threshold value has been
fixed at 2 mm. Technical features of the GB-InSAR system are listed in Table 2.

Table 1. Dates of ground-based (GB)-InSAR campaigns.

GB-InSAR Campaigns

21 July 2006–25 October 2006
17 July 2008–13 October 2008
1 July 2009–17 October 2009
9 July 2010–31 October 2010
12 July 2012–24 October 2012

Table 2. Parameters of the employed radar system [49].

GB-InSAR

Rail length 3 m
Central frequency 17.2 GHz

Bandwidth 60 MHz
Number of frequencies 2501

Steps along the rail 601
Image acquisition time 8 min
Processed image range 1800–4200 m

Processed image azimuth ˘1200 m
Distance to the back scarp 3000 m

Despite the atmospheric disturbance, whose impact was reduced during the processing phase,
using proper filters, the availability of several campaigns makes the Oaldsbygda data useful to analyze
the evolution of the deformation pattern of the rockslide.

Data recorded during the campaigns with the Oaldsbygda instrument, performed in the
spring-summer seasons of 2009, 2010 and 2012, have been selected for the analysis; they have been
processed using LiSALab s.r.l. software.

Data have been analyzed in the GIS environment, upon the application of georeferencing
transformations on the SAR images.

All campaigns started in July and stopped in October; their duration differs only by a few days.
In Figure 6, cumulated displacement maps related to the total period of each acquisition campaign are
displayed. Lower in the slope, the correlation is much lower (weak coherence) due to dense vegetation.

 
Figure 5. GB-InSAR system employed at Oaldsbygda (A) and its view of the Åknes slope (B).
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Figure 6. Cumulated displacement maps of GB-InSAR campaigns from Oaldsbygda. (A) Time interval
of 108 days, between July and October 2009; (B) time interval of 114 days, between July and October
2010; (C) time interval of 104 days, between July and October 2012. Negative displacements represent
movements approaching the sensor.

The maps in Figure 6 show a quite consistent deformation pattern, measured from year to year
with a maximum of 34 mm in about a 4-month interval from July–October 2010. In greater detail,
movements mainly concern the upper portion of the rockslide (1st scenario in Figure 4), reaching
values of about 24 mm in the period between July and October 2009, about 34 mm during July–October
2010 and about 17 mm in 2012, during the same months. The GB-InSAR ability to detect only the LOS
(line of sight) component of the displacement vector [11] has been partially overcome by comparing
GB-InSAR data with GPS datasets [49,54]: this comparison allowed estimating the percentage of
real displacement detected by the Oaldsbygda instrument, thanks to the possibility to record a 3D
displacement vector with GPS instruments (Table 3). GPS locations are displayed by arrows in Figure 7.

199



Remote Sens. 2016, 8, 237

Comparison results show that, from Oaldsbygda, the central part of the rockslide is highly
detectable by GB-InSAR, which is able to identify about 70% of the real displacement, as recorded in
Table 3 (bigger arrows in Figure 7). The upper sector of the landslide is mainly affected by vertical
movements; therefore, in this area the instrument of Oaldsbygda is able to detect only 30% of the
displacement (Table 3; smaller arrows in Figure 7).

Table 3. Displacement registered by GPSs (from [54]) compared to average displacement registered by
GB-InSAR (mm/y) at GPS locations (GPS locations are as shown in Figure 7; G1 represents the base
station location).

GPS Stations GPS 3D Movement
Displacement Registered by
GB-InSAR at GPS Location

LOS % of True Vector

G2 85.1 mm/y 30 mm/y 35%
G3 81.4 mm/y 24 mm/y 29%
G4 2.8 mm/y 1 mm/y 30%
G5 30.6 mm/y 20 mm/y 66%
G6 17.6 mm/y 13 mm/y 73%
G7 25.8 mm/y 19 mm/y 75%
G8 14.7 mm/y 10 mm/y 71%
G9 4.9 mm/y 3 mm/y 63%

 
Figure 7. Location of GB-InSAR instrument and relative field of view. Black arrows refer to in situ
instruments (GPS); their size is proportional to the percentage of displacement, registered by GPS
instruments, and detected by GB-InSAR. The upper portion of the slope is less detectable (about 30%)
than the lower sector (about 70%) from the GB-InSAR location. Background ortophoto is obtained from
Virtual Earth imagery; GPS data from [49].
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2.3.2. Satellite InSAR Monitoring Activity

In the case of satellite InSAR acquisitions, as well as in the case of GB-InSAR monitoring
activities, the vegetation cover that affects the lower part of the landslide causes a loss of coherence
in the radar signal. Moreover, the available satellite InSAR datasets present non-optimal LOS for
measuring the horizontal component of the movement. Generally, Earth observing satellites, flying
in polar orbits, have a direction close to NS; in this condition, horizontal displacements are almost
undetectable because of their deep incident angles; moreover if snow or vegetation cover concerns
the observed area or if there is high variability in soil moisture, the loss in coherence of the radar
signal negatively influences radar images. These unfavorable conditions widely concern mountainous
Norwegian regions.

In the specific case of Åknes, two datasets are available, acquired by RADARSAT-2 (14 images) and
by a combination of TerraSAR-X and TanDEM-X (13 images), both in ascending orbit, which is the best
configuration to avoid layer effects in east-facing slopes’ observations. The LOS of both the satellites
ranges between 76˝ and 77˝ in azimuth and between 25˝ and 28˝ in look angle. The RADARSAT-2
dataset includes images acquired between October 2008 and August 2013, with a revisiting time of
24 days; whereas TerraSAR-X/Tandem-X acquisitions are related to a shorter period, between July 2010
and October 2012, with a repeat time of 11 days. Only summer-early autumn periods are meaningful,
because in other periods, the snow cover causes interferometric decorrelation (i.e., different scattering
properties from one scene to another).

RADARSAT-2 and TerraSAR-X data have been processed [59], applying the SBAS (Small BAseline
Subset; [19,60,61]) method.

As for GB-InSAR data, satellite datasets have been compared to GPS data [59]. Considering
the small component of displacements detectable by space-borne platforms, the comparison has
been implemented projecting GPS data onto the LOS direction of the satellites. Satellite LOSs have
indeed angles of about 62˝ for RADARSAT-2 and 65˝ for TerraSAR-X/Tandem-X, with respect to
the horizontal direction, and an ENE orientation. This acquisition geometry makes the LOS near to
perpendicular to the downslope direction.

The comparison provided a good correspondence between mean velocity values registered by
satellite and mean velocities registered by GPS instruments, which have been estimated to reach
approximately 20 mm/y. The same stability threshold value (˘2 mm/y) has been used both for
C-band and X-band data, in order to make all of the used satellite data, acquired by different satellite
sensors, as comparable as possible. Moreover, this value is acceptable, as it does not exceed the
precision of the satellite InSAR technique. The results also show that RADARSAT-2 datasets are more
relevant than TerraSAR-X/Tandem-X datasets, which registered maximum velocity values around
16 mm/y (Figure 8). This discrepancy is partially explained, besides the difference in the covered time
periods, considering that, despite the improvement of spatial resolution, the use of X-band sensors’
atmospheric effects may be severe. It is shown that radar with a wavelength shorter than 4 cm is more
vulnerable to atmospheric effects. Therefore, the 3 cm-long X band radar is more influenced by rain
and cloud than the 5.6 cm-long C band [18,62]. As a consequence, the extraction of phase variations
related to displacement for each scatterer can be inaccurate: during phase unwrapping, the component
of deformation becomes indistinguishable from terms related to atmospheric effects, leading to the
underestimation of the actual deformation patterns. This problem affects more those landslides located
in areas affected by persistent rainfall and cloud cover; this is the case of the Åknes rockslide.
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Figure 8. Mean velocities registered by RADARSAT-2 (A) and TerraSAR-X/Tandem-X (B) between
2010 and 2012 (values detectable on the LOS of the satellites). The red line corresponds to the landslide
limit in the most dangerous scenario.

3. Results

The availability of both GB-InSAR and satellite InSAR data, for the overlapping periods of
measurements, makes Åknes a suitable case study to test the suggested integration procedure, firstly
from a qualitative point of view and later from a semi-quantitative point of view, as proposed in
Figure 1.

3.1. Qualitative Integration Results

During the first step of integration, a qualitative analysis of different available data is required.
For the Åknes test site, an orthophoto of the study area is available, together with InSAR datasets. Both
satellite and GB-InSAR data refer to a pre-event phase, as the Åknes rockslide has not collapsed yet.

Qualitative data integration has been performed in the GIS environment, overlapping all of the
available datasets (shown separately in Figures 6–8) on the available orthophoto. Data have been
classified into two categories, to distinguish stable areas from unstable areas, independent of data type
and relative reference period. The stability threshold has been fixed at 2 mm, according to the accuracy
of both the GB-InSAR and satellite InSAR technique (Figure 9).

The main advantage of this integration step is in the improved density of measurements, which
determines an almost complete coverage of the study area. Moreover, the distinction between stable
and unstable areas is strongly emphasized: Figure 9 clearly shows that the main movements occur in
the upper portion of the rockslide (first scenario in Figure 4). This area has been selected to apply the
proposed integration methodology, in a more quantitative way.
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Figure 9. Qualitative integration between GB-InSAR available datasets (Figures 6 and 7) and
RADARSAT-2 and TerraSAR-X/Tandem-X datasets (Figure 8). Data have been overlapped on an
orthophoto of the study area. Unstable areas are displayed in red, whereas stable areas are shown
in green.

3.2. Semi-Quantitative Integration Results

Among the available datasets, data referring to a period between July and October 2010 have been
selected: this period indeed corresponds to the best overlap between GB-InSAR and satellite datasets.

Firstly, data have been homogenized in terms of LOS. Assuming that the most probable
displacement direction is the downslope direction, both GB-InSAR and satellite data have been
projected along this chosen direction. The downslope direction, especially for the middle part of
the landslide, is indeed considered approximately similar to the real displacement direction, as the
rockslide movement can be considered parallel to the topographic surface. In the upper part of the
landslide, on the contrary, the main component of movement is vertical.

Starting from LOS displacement values, the objective was to evaluate the percentage of
displacement detected by the instrument with respect to the downslope direction and to compare
these percentages with the displacement values obtained by GPS campaigns (real displacement values)
(Table 3; Figure 7).
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The results can be summarized in a map showing the percentage of “real” displacement values
(considering as “real” the displacements that happen in the downslope direction) detected in each
sector of the landslide. Figure 10 shows the percentages of “real” displacement values detected by
the Oaldsbygda SAR system. The upper portion of the landslide (emphasized in black in Figure 10)
represents an area where the displacement direction is almost vertical and, for this reason, barely
detectable along the GB-InSAR LOS (detectable displacement: about 30% of total). In any case, except
for the upper sector, it is considered acceptable to assume the downslope direction as the direction of
real displacement. The remaining portion of the analyzed rockslide sector seems to be highly detectable
by the Oaldsbygda instrument, which can observe, along its LOS, a percentage between 60% and
90% of the “real” displacement vector. The map clearly shows a strong correspondence between the
percentage of displacement detectable by GB-InSAR, considering as the “real” displacement direction
the downslope direction, and the percentage of displacement detectable by GB-InSAR if compared
with real displacement values registered by GPSs (Table 3; Figure 7).

Figure 10. Map related to the % of “real” displacements detectable along the GB-InSAR LOS,
considering as “real” the downslope direction. The sector emphasized by a black oval represents
the upper part of the landslide, mainly concerning vertical movements.

Satellite InSAR data have also been projected downslope, following the same procedure applied
for GB-InSAR datasets.

Because of the two employed satellite platforms being characterized by similar LOS directions
(about 76˝ and 77˝ in azimuth and about 25˝ and 28˝ in look angle), the results of the projections are
almost similar, as well (Figure 11).
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Figure 11. The % of “real” displacements detected by RADARSAT-2 and TerraSAR-X/Tandem-X
satellites. The red line corresponds to the landslide limit in the most dangerous scenario (first scenario
in Figure 4).

Along satellites’ LOS, about 40%–50% on average of the “real” displacement is detectable. Instead,
the maximum observable displacement corresponds to 60% of its “real” value. The upper part of the
landslide, corresponding to the upper crack, is completely not visible from space-borne platforms
(shadow area).

After the projection, the GB-InSAR dataset has been resampled in order to make it comparable to
satellite data, in terms of temporal and spatial resolution. Finally, slope displacement values have been
calculated (Figure 12A).

Some observations can be pointed out: first of all, the detectable area from the different sensors
is not the same, specifically GB-InSAR data coverage is lower in the middle and lower parts of the
slope than the satellite data coverage, which in turn is lacking in the upper part of the landslide, near
the major crack. Concerning the displacements, RADARSAT-2 shows very similar patterns to the
GB-InSAR datasets (Figure 12A–C). To better compare the datasets, a restricted period of about three
months (from July–October 2010) has been selected in the RADARSAT-2 acquisitions, in order to make
it comparable to the available data of the 2010 GB-InSAR campaign.

Data projection allowed displaying the two datasets on the same map (Figure 12C). Displacement
values have been compared; a stability threshold of 5 mm has been fixed. This threshold value is
almost similar to the displacement accuracy of the employed satellite datasets.
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Figure 12. (A) Slope displacement (mm) registered by GB-InSAR in the 2010 campaign; (B) slope
displacement (mm) registered by RADARSAT-2 in 2010; (C) GB-InSAR and RADARSAT-2 datasets’
integration. The map in (C) shows “real” displacements, detected by the two different platforms; data
refer to the period between July and October 2010; the red line corresponds to the landslide limit in the
most dangerous scenario (first scenario in Figure 4).

Displacement values, detected by RADARSAT-2 and the GB-InSAR, agree to define the “middle”
part of the landslide (defining as “landslide” only the portion of the rockslide, which is included in
the limits that define the most dangerous possible scenario (first scenario in Figure 4) as concerns the
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major movement, reaching more than 40 mm of displacement in about three months). The upper part
of the landslide, mainly affected by vertical displacements, shows displacement values around 5 mm
in the downslope direction: this is probably an underestimation related to the differences between
real displacement directions and the downslope direction. A further distinction in two sectors of
the first landslide scenario is obtained and presented in Figure 12C. The upper part of the scenario
(in red in Figure 12) represents the area concerning higher displacements, with respect to the lower
part (in yellow in Figure 12). In Figure 13, the box plots and the histograms of data referring to the two
different identified sectors are displayed. In Table 4, basic statistical parameters of the four datasets
are displayed. Datasets show high dispersion, with a high number of outliers (very high standard
deviations, as shown in Table 4); median values are lower than mean values, indicating negative
skewness distributions (Figure 13B–D). Anyway, statistical analysis supports the identification of
the two sectors. As regards the first sector, 50% of the GB-InSAR data distribution ranges between
|11| mm and |22| mm; it does not differ so much from the RADARSAT-2 dataset, where 50%
of the distribution ranges between |9| mm and |21| mm. Mean and median values detected by
GB-InSAR for the first sector are respectively |17| mm and |16| mm; whereas mean and median
values detected by RADARSAT-2 in the same sector are |18| mm and |13|mm. Generally, these
distributions show higher values than datasets related to the second sector, where 50% of the values
registered by GB-InSAR range between |6| mm and |11| mm and 50% of the values detected by
RADARSAT-2 range between |4| mm and |9| mm. Mean and median values detected by GB-InSAR
for the second sector are respectively |10|mm and |9| mm; instead, RADARSAT-2 distribution mean
and median values, in the second sector, are |9| mm and |7| mm (Figures 12C and 13, Table 4).
Considering these results, in spite of the high dispersion of the distributions, it is possible to assume
that the second sector is affected by lower displacement values than the first sector and that the limit
between the two sectors can be fixed at |10| mm.

Figure 13. Box plots (A) and histograms (B) of GB-InSAR datasets, referring to the first and second
sectors identified in Figure 12; box plots (C) and histograms (D) of RADARSAT-2 datasets, referring to
the first and second sectors identified in Figure 12.
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Table 4. Basic statistic parameters of the analyzed datasets (GB-InSAR data in the 1st and 2nd sectors
and RADARSAT-2 data in the 1st and 2nd sectors).

GB-InSAR
(1st Sector)

GB-InSAR
(2nd Sector)

RADARSAT-2
(1st Sector)

RADARSAT-2
(2nd Sector)

Mean ´17 mm ´10 mm ´18 mm ´9 mm
Median ´16 mm ´9 mm ´13 mm ´7 mm

SD 10 7 17 13
25 Percentile ´22 mm ´11 mm ´21 mm ´9 mm
75 Percentile ´12 mm ´6 mm ´9 mm ´4 mm

TerraSAR-X/Tandem-X data, referring to the same period (July–October 2010) have also been
projected in the downslope direction and organized in order to be comparable to the other datasets
(Figure 14).

Figure 14. Slope displacements registered by TerraSAR-X/Tandem-X in 2010. Arrows are oriented along
the downslope direction. The red line corresponds to the landslide limit in the most dangerous scenario.

TerraSAR-X/Tandem-X datasets show displacement values lower than values obtained by the
RADARSAT-2 platform and GB-InSAR system. This underestimation, as mentioned before, can be
mainly related to the higher atmospheric disturbance, concerning new-generation X-band satellites.
Anyway, the TerraSAR-X/Tandem-X data comparison with GB-InSAR and RADARSAT-2 datasets can
be considered satisfactory from the qualitative point of view.
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4. Discussion

The measurement of the superficial displacement of a sliding mass often represents the most
effective method for defining its kinematic behavior, allowing one to observe the relationship to
triggering factors and to assess the effectiveness of the mitigation measures. Hence, once we suspect
an area to be sliding or when dealing with a known landslide, it is mandatory to retrieve accurate and
timely updated information on the rate and extent of the occurring deformation. It may be necessary
to perform several measurement campaigns to confirm suspected movements, several months to
characterize the type of deformation and years of continuous monitoring to fully understand the
kinematics of a sliding mass.

Repeat surveys of benchmarks allow the periodic estimation of the extent and rates of deformation.
These techniques provide punctual information and are time consuming and resource intensive, since
a great deal of time and economic resources are required for timely updates. In most of the cases,
these methods produce scattered measurements with an uneven temporal distribution. Indeed, due to
the high cost for the establishment and maintenance of an observation network, sparse measurement
points are materialized and are infrequently surveyed due to logistics. Considering the characteristics
and logistics of the Åknes rockslide, Earth observation and remote sensing have an important role to
play for studying landslide-related deformation, as they can regularly measure surface stability over
large areas.

It is worth remembering that there is no monitoring system valid for all cases; in fact, every system
must be designed purposely for a specific site, because the precursors and monitored parameters
may largely vary depending on the type of landslide. Whatever the type of landslide, InSAR-based
techniques (both ground based and space borne), thanks to their wide spatial coverage and their
millimeter accuracy, are ideally suited to measure the spatial extent and magnitude of landslide-related
surface deformation. Outputs from interferometric analysis ensures an almost spatially continuous
coverage of information on surface deformation and related hazards. This definitely improves
confidence on the spatial pattern of the examined phenomenon.

A further benefit of satellite SAR techniques is the generation of time series of the relative LOS
position for each target in correspondence with each SAR acquisition, allowing the analysis of the
temporal evolution of displacement and a look back at displacement that already has taken place.
The possibility to retrieve a retrospective view of displacement is a unique opportunity for studying
the evolution of the uninstrumented sector of a phenomena.

Unlike the conventional ground-based technologies (which record the displacement of targets,
specific points or individual reflectors), InSAR, through the generation of interferograms, can provide
2D maps of changes in the satellite-to-target path between the acquisition times of the two SAR
scenes. Hence, InSAR provided a significantly increased coverage of information, leading to a better
overall understanding of movements of a sliding mass. This aspect is of paramount importance in the
about 50 million m3 Åknes rockslide, where a single moving benchmark can be related to localized
displacements of an individual block and not to the general instability of the whole landslide body.
Moreover, the information coverage allows one to accurately map the extension of the threatened area,
its rate of deformation and to define, accordingly, risk scenarios.

The Åknes landslide is a large phenomenon that cannot be stabilized and may accelerate suddenly.
The monitoring of its surface displacement is thus crucial for the prevention and forecast of collapse.
In the case of the Åknes landslide, the synergic use of multiple SAR sensors (ground based and space
borne) can lead to redundant measurements, allowing a more advanced and realistic mapping and
classification of the phenomenon and a better understand of the deformation pattern. The redundancy
of monitoring data is very important, being the basic condition for the design and implementation
of any early warning system. Integrated use of multi-source monitoring data reduces the possibility
of missing events or generating false alarms and the consequent loss of confidence and reliability of
the system.
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In recent years, the improved capabilities of new generation X-band satellites in terms of flexibility
and time performance (revisiting time and timeliness of delivery) contributed to the use of satellite
SAR sensors as operational monitoring tools [63,64]. Remote monitoring represents more and more a
tool for surveying and/or early warning.

5. Conclusions

In this work, an attempt to integrate ground-based and satellite InSAR datasets is proposed.
The main objective is to improve the knowledge obtainable from InSAR techniques, in the field of
landslide mapping and monitoring.

The proposed procedure suggests three main steps to be performed: a qualitative phase, the result
of which follows a binary approach, with the distinction, in the observed scenario, of stable and
unstable areas; a semi-quantitative phase, where the distinction of macro-areas concerning different
displacement ranges is possible; a quantitative integration, during which time series analysis is
performed, and forecasting algorithms for the evaluation of the future behavior of the landslide can
be applied.

The Åknes Norwegian rockslide has been selected to test the proposed procedure.
Firstly, data acquired by satellite and GB-InSAR platforms have been analyzed separately.

Data analysis allows one to define landslide sectors concerning higher displacements, which
correspond to the upper portion of the slope. Satellite data have been acquired by RADARSAT-2 and
TerraSAR-X/Tandem-X satellite platforms. As in the GB-InSAR acquisitions, satellite data have been
acquired in summer seasons. For the application of the integration algorithm, a defined period in the
available datasets has been selected. The period between July and October 2010 has been chosen, as it
is characterized by the best overlap between ground-based and satellite acquisitions.

The different datasets have been homogenized in terms of spatial and temporal resolution and
also as regarding their different LOS. Homogenized data have been integrated and analyzed on the
same map, in the GIS environment.

Data integration allowed increasing the data coverage on the observed scenario, which becomes
widely detectable. Data projection allowed better defining of the real value of the displacement vector
in the observed scenario: projection reliability has been tested comparing its result with data acquired
by GPS campaigns, available in the literature. The projection also allowed defining the upper portion
of the landslide as the main vertical displacements of concern.

Data integration from a semi-quantitative point of view has also been performed, allowing
proposing the distinction of the upper sector of the landslide, defined as concerning higher
displacements, into two sub-sections: the upper portion concerning displacements higher than 10 mm
in the period between July and October 2010; and the lower portion concerning displacements lower
than 10 mm in the same period.

Unfortunately, the unavailability of long time series of the observed datasets made it impossible
to obtain also a quantitative integration for the selected test site.
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Abstract: Sub-Pixel Offset Tracking (sPOT) is applied to derive high-resolution centimetre-level
landslide rates in the Three Gorges Region of China using TerraSAR-X Hi-resolution Spotlight
(TSX HS) space-borne SAR images. These results contrast sharply with previous use of conventional
differential Interferometric Synthetic Aperture Radar (DInSAR) techniques in areas with steep
slopes, dense vegetation and large variability in water vapour which indicated around 12% phase
coherent coverage. By contrast, sPOT is capable of measuring two dimensional deformation of large
gradient over steeply sloped areas covered in dense vegetation. Previous applications of sPOT in this
region relies on corner reflectors (CRs), (high coherence features) to obtain reliable measurements.
However, CRs are expensive and difficult to install, especially in remote areas; and other potential
high coherence features comparable with CRs are very few and outside the landslide boundary.
The resultant sub-pixel level deformation field can be statistically analysed to yield multi-modal
maps of deformation regions. This approach is shown to have a significant impact when compared
with previous offset tracking measurements of landslide deformation, as it is demonstrated that sPOT
can be applied even in densely vegetated terrain without relying on high-contrast surface features or
requiring any de-noising process.

Keywords: landslide monitoring; sub-Pixel Offset Tracking (sPOT); TerraSAR-X High-resolution
Spotlight data; Corner Reflectors vs. natural scatterers; densely vegetated terrain

1. Introduction

Remote sensing, especially in the microwave region, has become the most convenient and feasible
tool widely applied in deformation mapping. In the Three Gorges Region (TGR), due to the often
limited access to Global Positioning System (GPS) measurements, the high costs of skilled labour and
instrumentation required, it is difficult to obtain sufficient local geodetic measurements [1]. The usage
of satellite remote sensing data for landslide studies in the TGR can be traced back to the 1980s [2].
Due to the high humidity caused by the monsoon climate of this region, optical sensors are often
limited in obtaining an effective time series of measurements. A Synthetic Aperture Radar (SAR),
which is able to work both day and night during all weather conditions and which repeatedly acquires
time series of high-resolution images covering large areas, has been recognized as an effective and
powerful sensor for landslide monitoring [1,3].

The differential Interferometric SAR (DInSAR), which is capable of detecting surface deformation
over a large area in the direction of the satellite Line of Sight (LOS) with a centimetre-to-millimetre
precision, has been extensively applied to monitor volcanic activities, earthquakes, mining
deformations, glacier movement, subsidence and landslides [4–13]. Time series algorithms have
been developed to extend the use of DInSAR for temporal evolution of ground deformation, which
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can be essentially divided into two broad categories: the Persistent Scatterer (PS) InSAR [14–16] and
Small Baseline Subset (SBAS) [17,18].

However, the applications of DInSAR/time series DInSAR in the Three Gorges Region are limited
by the difficulties arising from steep slopes, dense vegetation cover and high humidity. The experiment
using PS-InSAR with ENVISAT data to measure deformation in the TGR area did not find sufficient PS
points [19], which lead to the failure of phase unwrapping [3]. The attempt of using PS-InSAR with
ASAR images to monitor the Shuping landslide failed for the same reason [1]. Experiments applying
the SBAS method on TerraSAR-X (TSX) data in the Three Gorge Region did not find significant
dependence upon the perpendicular baseline or dramatic increase of reliable scatterers over time,
suggesting the use of SBAS method has limited benefit in this case [20].

In addition, DInSAR measurements on the Shuping landslide yielded varied results in previous
studies. Fu et al. obtained DInSAR measurements on 12 corner reflectors (CRs) (−1–11 cm in 140 days)
of the Shuping landslide using five ENVISAT ASAR images spanning from September 2005 to March
2006. The investigated period missed the most active period of the Shuping landslide [21]. Xia et al.
used the same 12 CRs to derive linear displacement rates of 1–11 cm/year from September 2005
to June 2007 [22], in contradiction with the results of [21] with a different deformation rate but an
overlapping observation period between September 2005 and March 2006. For the period between
September 2005 and June 2007, extensometer measurements show 50–70 cm/year displacement with a
dramatic increase from May to August 2007 [23], which is different from the linear trend monitored
by PS-InSAR.

It should be noted there is a limitation of DInSAR with regard to the maximum detectable
displacement. If no prior knowledge of the deformation is provided, which is usually the case,
the implementation of phase unwrapping relies on an assumption that the phase difference between
any two neighbouring pixels does not exceed ±π. This implies the maximum detectable deformation
per pixel is half wavelength. In addition, phase gradients larger than 0.5 fringes may cause large-scale
unwrapping errors, which means the displacement gradient between two neighbouring pixels is
limited to 1/4 wavelength [24]. Thus, the maximum detectable displacement gradient (DDG) of InSAR
measurements is

D = λ/4μ (1)

where D denotes the maximum DDG, λ is the wavelength of the SAR sensor and μ is the pixel size of
the SAR images for classical interferometry, or distance between persistent scatterers for PS techniques.
The value of D depends on the satellite. For example, in the case of TerraSAR-X Hi-resolution Spotlight
(with wavelength 0.031 m, pixel size 0.456 m) data, the maximum DDG is 0.0059 using a small
multi-looking factor of 2. This means that over a ground distance of 1 m (about 1 pixel in the case of
TSX Hi Res data), a displacement of 0.59 cm in one revisit cycle (11 days) will be underestimated even
when given very high phase coherence. In a real scenario, the coherence is usually lower, especially
in densely vegetated areas. The theoretical limit will drop with the coherence leading to further
underestimation, which is the case in our study. Many slow-moving landslides (~1.6 m/year as
defined in [25,26] and cases reported in [27,28]) can exceed this threshold of displacement gradient,
especially near the landslide boundary.

The sub-pixel Offset Tracking (sPOT) technique (sometimes referred to as Pixel Offset Mapping)
has previously been applied to monitor glacier movements, volcanic activities and co-seismic tears
in the solid earth resulting from severe earthquakes to address the technical defects and limitations
of conventional DInSAR techniques, particularly their sparse coverage and the impact of dense
vegetative cover [29]. In the past, studies on offset tracking techniques to measure slope movements
are dominated by using optically sensed imagery from spaceborne or airborne platforms [30–35].

For SAR sensors, initially medium resolution SAR imagery were employed in offset tracking
for measurements of very large deformation (metres to tens of metres) [36–38]. Intensity Tracking
(based on Normalized Cross Correlation) was proposed and implemented on a set of ERS-1/2 SAR

216



Remote Sens. 2016, 8, 659

data acquired from March 1992 to February 1996 in order to estimate the motion of Monacobreen in
Northern Svalbard [36]. It indicated that in the case of various SAR missions (RADARSAT, ERS-2,
ENVISAT, ALOS) with a more than 24 day revisit interval, intensity based tracking is the only technique
able to correctly measure glacier movement. The work by [37] proposed a PO-SBAS approach using
ENVISAT data to measure large displacements (several metres) occurring in the inner part of the Sierra
Negra caldera due to the October 2005 eruption. This PO-SBAS approach attempted to minimize
the perpendicular baseline via small baseline combinations of offset pairs. However, the TSX data
employed in our study consistently has short baselines ranging from 12 m to 220 m, so the benefit of
creating a SBAS network is limited. With the availability of higher resolution SAR data, Manconi et al.
obtained post-event deformation maps for emergency evaluation of a large, rapidly-moving (10–20 m)
landslide [39–41]. The same PO-SBAS approach was applied to ascending and descending pairs of
COSMO-SkyMed images to retrieve 3D deformation of the Montescaglioso landslide (Italy) of which
the main movement occurred over 15–20 min with an average velocity of about 0.5–1 m per minute.

Sub-Pixel Offset Tracking has recently been employed to derive centimetre-level landslide rates
in the Three Gorges Region using 1–3 m resolution space-borne SAR images. Li et al. [42] used
four pairs of TSX HS images to derive 2D (azimuth and slant range) landslide displacement in the
Three Gorges Region. The results indicate May–August 2009 was the most active period of the Shuping
landslide. However, due to the impact of dense seasonal vegetation cover, some results still show
false deformation features in the slant range direction. Singleton et al. [20] conducted further analysis
focusing on the 540,000 m2 area centred on the landslide blocks. This work focused on the use of
previously installed Corner Reflectors (CRs) with offset tracking, to derive a deformation magnitude
for each CR in order to plot time series deformation curves, confirming a dramatic increase in landslide
rates from May to August in 2009. However, it was pointed out that the errors associated with the
corner reflector measurements are an order of magnitude lower than those calculated from densely
vegetated terrain. Also, it was pointed out in [43] using ground-based SAR (GB-SAR) data to measure
the displacement from artificial CRss, the main constraint of the offset tracking technique is the need of
CRs. This raises a large question for the vast majority of regions where no CRs are available especially
in densely vegetated terrain. The question arises: are sPOT techniques able to correctly measure
landslide rates? This is the starting point of this study.

As the main objective of this study, the potential of using natural scatterers is assessed on
deformation measurements using an offset tracking approach by combining sub-pixel cross-correlation
with a time series statistical analysis, which makes a significant difference in that it does not
rely on high contrast surface features (e.g., Corner Reflectors). Unlike the scenario of a very
large deformation [36–38,44], this study aims to exploit the use of offset tracking with time series
high-resolution SAR data covering two years, to derive the temporal evolution and spatial distribution
of a slow-moving landslide with an active period of months and accumulative displacement of
up to 1 m per year. The study area is characterized by dense vegetation cover on steep slopes,
which causes rapid decrease of temporal correlation/low coherence of DInSAR on natural scatterers.
Given the deformation velocity, the offsets caused by seasonal changes of vegetation cannot be ignored,
which increases the challenge of the use of natural scatterers.

In this paper, sub-Pixel Offset Tracking is applied in monitoring ground deformation in densely
vegetated terrain and concentrating on the evaluation of its general application in the vast majority
of regions where CRs are not available. Firstly, the landslide displacement rates in the field site,
Shuping landslide area, were measured from artificial CRs using the fully available 2 year time series
TerraSAR-X (TSX) Hi-resolution Spotlight data acquired from February 2009–April 2010 and January
2012–February 2013. Secondly, the correlation between the landslide displacements and water level
variations of the Three Gorges Reservoir were then analysed to infer a possible failure mechanism
for the Shuping landslide. Finally, as a key part of this study, the capability of sPOT techniques for
measuring ground displacements in densely vegetated areas was assessed by a statistical analysis
of deformation magnitudes derived from natural scatterers on the whole landslide body. Based on
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the above analysis, an approach is proposed to extend the applications of sPOT to densely vegetated
terrain without requiring artificial CRs.

2. Study Site

The Three Gorges Region (TGR) of China, which is located between latitude 28◦32′N–31◦44′N
and longitude 105◦44′E–111◦39′E, is the region directly or indirectly involved in the submersion of
the water storage of the Three Gorges Project (TGP). It stretches along the Yangtze River including
16 county-level divisions of the Chongqing municipality and 4 divisions of the Hubei province.
The Three Gorges Dam (TGD), located at Sandouping Town to the west of the city of Yichang, China,
is one of the world’s largest civil engineering structures, which blocks water to form a 660 km long
and ≈1.1 km wide reservoir. The water level of the Yangtze River in the TGD rose from 66 m to
135 m, 156 m and eventually 175 m above sea level during the three impoundments in 2003, 2006
and 2009. The Three Gorges Project (TGP) does a remarkable job of generating a huge amount of
electric power as well as controlling floods and improving the shipping capacity of the Yangtze River.
However, the construction and operation of Three Gorges Dam resulted in a significant land use
change, which altered energy and water budgets, affected the regional weather and climate patterns,
and is linked to the dramatically increased geological hazards dominated by landslide activities in the
Three Gorges Region [45–47]. Numerous landslide activities have occurred in residential areas with
high population density, causing a lot of wasted resources and loss of property.

As the construction and operation of the Three Gorges Dam raised major concerns about its
environmental impacts, a number of studies have been carried out on several topics, including
terrestrial ecosystems, sedimentation, pollution, river discharges, regional climate and induced
geological hazards dominated by landslides [48–53].

Most of the landslides which occurred in the Three Gorges Region are identified as being triggered
by water, with the variations of reservoir water level and seasonal heavy rainfall being the two main
factors [23,54].

The field site, Shuping landslide area, is located on the south bank of the Yangtze River near
Shazhenxi Town, Zigui County with centre coordinates of 30.996◦N, 110.609◦E as indicated in Figure 1a.
The Shuping landslide was identified as an ancient landslide during the field investigations before
the construction of Three Gorges Dam [55]. This area is underlaid by muddy sandstone and sandy
mudstone of the Triassic Badong formation. The landslide is composed of two blocks as marked in
Figure 1b facing the North, with a width of about 650 m, elevation ranging from 65 to 400 m, thickness
of 40–70 m, volume of about 20 million m3 and average slope varying from 22◦ on the upper part to
35◦ on the lower part [54]. The landslide area is characterised by terraced slopes densely covered with
orange trees. The landscape photos of the Shuping landslide area in Figure 2 show cracks on the local
infrastructure and one photo of one of the CRs is shown.

The Shuping landslide is a typical slope accumulation landslide where deformation has increased
since the water impoundment of the Three Gorges Reservoir in 2003. In June 2003, significant
deformation appeared on the slope and it acute from 8 February 2004 on. This serious deformation
posed a significant danger to 580 inhabitants and 163 houses directly in its path and most of
the inhabitants had moved of the landslide area by May 2004. According to GPS measurements,
from January 2004–October 2006, when the reservoir water level varied between 135 and 145 m,
the ground deformation of Shuping landslide area was predominantly a combination of squirm and
uniform deformation. The accumulative displacement reached 300 mm from August 2004 to August
2006, 250 mm from August 2006 to July 2007, 500 mm from August 2007 to February 2009, and 700 mm
from February 2009 to February 2010 according to extensometer measurements along the centre line of
eastern block [23,54]. Following this for every single year, the deformation magnitude periodically
fluctuates with variations in the reservoir water level which also coincides with rainfall periodicity [56].
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Figure 1. (a) Location of the Shuping landslide area; (b) Perspective view of landslide body shown in
TerraSAR-X Hi-resolution Spotlight amplitude image superimposed in Google Earth with landslide
blocks marked in red. Data source: TerraSAR-X © DLR <2009>.

 

Figure 2. (a) Landscape of the landslide area; (b) Cracks on local infrastructure caused by the landslide;
(c) one of the Corner Reflectors installed in the landslide area. Photos were taken during a field
campaign in May 2014.
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3. Data and Methods

3.1. Data

The data employed in this research uses the TerraSAR-X Hi-resolution Spotlight (TSX HS) data.
Fifty-seven archived TSX High-resolution Spotlight (HS) images were acquired from 21 February
2009–15 April 2009 and 2 January 2012–23 February 2013 over the Shuping landslide area in the
Three Gorges Region. The extent of Spotlight data coverage is shown by the rectangle frame in
Figure 1a. The metadata of the two annual time series of TSX HS data is listed in Table 1.

Table 1. Metadata of the two stacks of SAR data using the parameters from the first image of each
stack, as the values remain very close for all subsequent acquisitions.

TerraSAR-X High-Resolution Spotlight Data

Annual time series 2009–2010 2012–2013
First acquisition 21 February 2009 2 January 2012
Last acquisition 15 April 2010 23 February 2013

Satellite orbit heading (◦) 190.552 189.617
Wavelength (m) 0.031 0.031

Incidence angle (◦) 43.690 43.602
Range pixel spacing (m) 0.456 0.455

Azimuth pixel spacing (m) 0.862 0.873
Range resolution (m) 0.851 0.852

Azimuth resolution (m) 1.100 1.100

3.2. Methods: Sub-Pixel Offset Tracking (sPOT) Techniques

An alternative to the use of SAR interferometry is to measure sub-pixel offsets between the SAR
images. This can be achieved by FFT-based correlation (sometimes referred to as phase correlation)
or Normalized Cross Correlation [57]. Due to the high noise level of SAR images, cross-correlation
is more robust (found out in experiments) and therefore chosen for this study. One of the first offset
tracking applications to the Three Gorges Area is shown by Li et al. [58] and more recently in [20].
We refer to these as sub-Pixel offset tracking (sPOT) techniques.

The Normalized Cross Correlation (NCC) derives a set of 2-dimensional (2D) offsets between
pre-event and post-event images. NCC is a traditional method for image registration. It is applied to
the intensity bands of cross event images to detect ground deformation through a measure of similarity
between window pairs extracted from pre-event and post-event images. The similarity, which is
defined as the correlation coefficient, is computed as follows:

NCC =

Nx

∑
m=1

Ny

∑
n=1

[(
i1 (m, n)− i1

) · (i2 (m, n)− i2
)]

√√√√ Nx

∑
m=1

Ny

∑
n=1

(
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)2
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Ny
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(
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)2

(2)

where i1 and i2 denote pre-event and post-event images with a two-dimensional offset (a, b), which can
be described as i2 (x, y) = i1 (x − a, y − b). Nx × Ny is the correlation window size which can be
modified by the application requirements. i1 and i2 are the mathematical expectation values of the
cross-event image pair:
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The NCC method searches for maximum correlation (i.e., maximum similarity) between window
pairs formed by the pre-event and post-event images. Those window pairs for which a maximum
correlation detected, are considered as corresponding pairs. After locating the corresponding pixels
in the master and slave images, the 2D offsets of the slave image w.r.t. the master image can be
obtained. To achieve a sub-pixel accuracy of correlation, two categories of approaches are usually
used: (1) image intensities are oversampled prior to cross-correlation; (2) Without oversampling of the
intensity bands, cross-correlation is done in the original image resolution, correlation peaks are located
by polynomial fitting.

In this paper, all data are processed using the following step-by-step approach:

• For each data stack (2009–2010 and 2012–2013), the first acquisition was used as the master image.
All the slave images were co-registered with respect to the same master to sub-pixel accuracy.
Topographic distortions were modeled using a reference DEM (SRTM 1 arc-second global DEM)
and precise orbital data and subtracted before the cross-correlation.

• Images are cropped to the landslide sub-area as inputs to the cross-correlation included within
COSI_Corr [59–61]. At this point, the azimuth and range deformation fields are derived.

• Time series histograms of the range/azimuth deformation fields are plotted for the measurements
derived on the landslide blocks and the measurements on the stable ground respectively.

• To correct the centroid shifts (mainly caused by the impact of vegetation) on every histogram,
the time series histograms of the measurements from stable ground were all fitted by Gaussian
functions. The centroid location of every Gaussian peak was taken as a reference to correct the
centroid offsets for the corresponding histograms of range/azimuth offsets of the landslide area.

• From the change in histograms, the temporal evolution of the landslide is shown and the active
period of the landslide can be identified, as well as the deformation scale.

• Using a correlation coefficient of 0.25 as the threshold, all pixels with correlation above this value
are plotted to show the spatial distribution of azimuth and slant range offsets occurred in February
2009–April 2010 and January 2012–February 2013. The two maps can be plotted for each salve
acquisition date in the data stack.

4. Results

4.1. Time Series Landslide Rates Derived from Corner Reflectors (CRs) Using Sub-Pixel Offset Tracking

Subsets of landslide sub-areas were cropped from 35 pairs of TerraSAR-X Hi-resolution Spotlight
(TSX HS) images acquired from 21 February 2009–15 April 2010 and 20 pairs from 2 January 2012–23
February 2013. The sPOT method was applied to every co-registered subset pair using 20090221 and
20120102 images, respectively, as the common master image for each annual time series (i.e., 2009–2010
and 2012–2013, respectively), to retrieve deformations along the range (satellite line-of-sight) and
the azimuth (along-track) direction. The acquisition dates and estimated baselines of employed data
(in brackets) are listed in Tables 2 and 3 with each image named after the acquisition date in the format
“yyyymmdd”.
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Table 2. TSX HS data employed in 2009–2010 time series analysis.

Common Master Slave (Perpendicular Baseline)

20090221

20090304 (192 m) 20090315 (125 m) 20090326 (040 m)
20090406 (028 m) 20090417 (080 m) 20090428 (050 m)
20090509 (040 m) 20090520 (041 m) 20090531 (051 m)
20090611 (052 m) 20090622 (125 m) 20090703 (074 m)
20090714 (072 m) 20090725 (137 m) 20090805 (071 m)
20090816 (120 m) 20090827 (074 m) 20090907 (040 m)
20090918 (156 m) 20090929 (180 m) 20091010 (046 m)
20091112 (085 m) 20091123 (017 m) 20091204 (089 m)
20091215 (043 m) 20091226 (066 m) 20100106 (105 m)
20100117 (145 m) 20100128 (033 m) 20100219 (150 m)
20100304 (097 m) 20100313 (220 m) 20100324 (102 m)
20100404 (111 m) 20100415 (123 m)

Table 3. TSX HS data employed in 2012–2013 time series analysis.

Common Master Slave (Perpendicular Baseline)

20120102

20120113 (035 m) 20120124 (012 m) 20120204 (094 m)
20120215 (074 m) 20120226 (055 m) 20120308 (021 m)
20120319 (081 m) 20120330 (029 m) 20120421 (058 m)
20120524 (064 m) 20120615 (191 m) 20120820 (183 m)
20120922 (083 m) 20121025 (002 m) 20121127 (082 m)
20130110 (025 m) 20130121 (040 m) 20130201 (160 m)
20130212 (017 m) 20130223 (029 m)

There have been artificial CRs installed in the Three Gorges Region since 2000 [62]. Seventeen
CRs are identified in the Shuping landslide area from the TSX Hi-resolution Spotlight image as shown
in Figure 3.

 
Figure 3. Location of Corner Reflectors in the Shuping landslide area, shown in TerraSAR-X amplitude,
with landslide boundaries corresponding to the two landslide blocks. Data source: TerraSAR-X ©
DLR <2009>.
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The correlation coefficients of all CRs are examined prior to the time series analysis. As shown
in Figure 4, the correlation coefficient of CR3 is very low (around 0.2) throughout the 2012–2013
stack, which will lead to inconclusive cross-correlation. CR5 shows inconsistencies in the correlation
coefficient, because it is missing from the SAR amplitude images during 15 June 2012–10 January 2013
possibly due to reinstallation or orientation adjustment. Thus, CR3 and CR5 were both excluded from
the analysis of the two annual time series.

Figure 4. Correlation coefficients of CRs derived by sub-pixel offset tracking in the Shuping landslide
area. Acquisition date is displayed in the format of ‘yyyymmdd’.

The deformation magnitudes of the remaining 14 CRs (as shown in Figure 3) were extracted
to plot time series landslide rates. No de-noising or filtering steps were applied. As all data was
acquired with right looking SAR in the descending mode, the negative magnitude of the azimuth
deformation corresponds to the reverse along-track direction (predominantly to the North) and the
positive magnitude of range deformation represents the movement away from the sensor.

The topographic distortions of the range offsets were modeled by using a reference DEM and
precise orbital data and subtracted before cross-correlation. To reduce the background noise, CR1 was
taken as a reference point for all the other CRs as it is identified as located on the stable ground.

The two annual time series of landslide rates derived from CRs are shown in Figures 5 and 6.

Figure 5. A 2009–2010 time series deformation measured from Corner Reflectors: (a) Azimuth
deformation; (b) Slant range deformation. Acquisition date is displayed in the format of ‘yyyymmdd’.
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Figure 6. A 2012–2013 time series deformation measured from Corner Reflectors: (a) Azimuth
deformation; (b) Slant range deformation. Acquisition date is displayed in the format of ‘yyyymmdd’.

4.2. The Correlation Between the Landslide Deformation and Water Level Variations

To study the relationship between the landslide displacements and the operation of the
Three Gorges Dam, the derived landslide rates of CR9 and CR15 (taken as examples due to the
typical deformation patterns) were plotted against water level measurements of the Three Gorges
Reservoir for the same time periods, from February 2009–April 2010 and January 2012–February
2013. The water level measurements can be accessed from the Three Gorges Corporation website:
http://www.ctg.com.cn/inc/sqsk.php.

As shown in Figures 7 and 8, the water level measurements over the same time period show a
consistent seasonal pattern with a lower level in the flood season and normal levels in other seasons.
This is strongly correlated with the active period of the Shuping landslide. There is no correlation
between the displacements and the big rise in water levels in September, this will be addressed in the
Discussion Section 5.4.

 

Figure 7. (a) Azimuth displacements of CR9 versus water level measurements of Three Gorges
Reservoir from February 2009 to April 2010; (b) Azimuth displacements of CR15 versus water level
measurements of Three Gorges Reservoir from February 2009 to April 2010. Acquisition date is
displayed in the format of ‘yyyymmdd’.
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Figure 8. (a) Azimuth displacements of CR9 versus water level measurements of Three Gorges
Reservoir from January 2012 to February 2013; (b) Azimuth displacements of CR15 versus water level
measurements of Three Gorges Reservoir from January 2012 to February 2013. Acquisition date is
displayed in the format of ‘yyyymmdd’.

4.3. Assessment of Using Natural Scatterers with sPOT Techniques to Monitor Landslide Movement in
Densely Vegetated Terrain

Artificial CRs are not widely available along the banks of Yangtze River due to the large number
and scale of landslides in the Three Gorges Area and the high costs of the associated building works as
well as the huge difficulties in physical access [63–65]. In order to assess the use of sPOT techniques in
densely vegetated terrain without relying on CRs, statistics of deformation measurements derived
from natural scatterers were compared to those derived from CRs. The analysis was conducted in the
540,000 m2 area covering the two landslide blocks. All contributions from CRs were masked out from
the original azimuth/range deformation output. No de-noising or filtering steps were applied. Results
are shown in Figure 9.

Figure 9. (a) Histograms of azimuth deformation derived from 21 February 2009–15 April 2010
image pair from natural scatterers vs. CRs inside the landslide boundary; (b) Histograms of range
deformation derived from the 21 February 2009–15 April 2010 image pair from natural scatterers vs.
CRs inside the landslide boundary; (c) Histograms of azimuth deformation derived from 2 January
2012–23 February 2013 image pair from natural scatterers vs. CRs inside the landslide boundary;
(d) Histograms of range deformation derived from the 2 January 2012–23 February 2013 image pair
from natural scatterers vs. CRs inside the landslide boundary. Modified from [66].
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From the comparisons of displacement histograms shown in Figure 9, we can observe that
measurements from natural scatterers show the same range of deformation magnitudes as those
derived from CRs.

4.4. Statistical Analysis Combined with sPOT for General Use in Landslide Monitoring in Densely
Vegetated Areas

The histograms of azimuth/range deformation measured from the natural scatterers of the
landslide blocks and adjacent stable ground are compared in Figure 10.

Figure 10. Comparison of azimuth/range deformation histograms of natural scatterers derived
from stable ground and landslide blocks; (a) azimuth displacement derived from 2 January 2012–13
January 2012 image pair; (b) range displacement derived from 2 January 2012–13 January 2012 image
pair; (c) azimuth displacement derived from 2 January 2012–23 February 2013 image pair; (d) range
displacement derived from 2 January 2012–23 February 2013 image pair.

In Figure 10a,b, before the occurrence of the landslide the histograms of the 2D deformation
measured from landslide blocks and stable ground have very similar distributions with only
one main lobe centred on a zero offset. After the displacements as shown in Figure 10c,d the histogram
of the stable ground still retains a single, main lobe centred on the zero offset with increased side lobes
(probably due to the vegetation impacts during the over one year interval). The histogram of landslide
blocks has a dramatic impact in changing the distribution, with a secondary lobe centred on positive
value for range displacement and negative value for azimuth displacement, in addition to very similar
side lobes found in the histogram of the stable ground.

Following on from the above analysis, a new approach combining sub-pixel cross-correlation and
statistical processing is proposed to monitor landslides in such challenging areas for general use when
high-contrast surface features are very few or not available.

The processing flow of the new sPOT approach is shown in Figure 11. Firstly, using the annual
time series data acquired from 21 February 2009–15 April 2010 with the image of 21 February 2009 as
the master image and all the others as slave images; and the other annual time series data acquired
from 2 January 2012–23 February 2013 with the image of 2 January 2012 as the master image and
all the others as slave images, co-registration was carefully applied to achieve 1/100–1/10 pixel
accuracy. Secondly, sub-pixel Cross Correlation was applied to the co-registered time series to derive
range/azimuth deformation fields of the Shuping landslide.
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Figure 11. Workflow of the approach combining sPOT and statistical analysis.

To distinguish the measurements of CRs from natural scatterers and demonstrate the effectiveness
of the proposed approach, all contributions from CRs in the range/azimuth deformation fields were
masked out beforehand.

This approach applies statistical analysis to the derived deformation fields, by plotting histograms
of range/azimuth time series offsets derived from landslide blocks. The constant offsets, showing as
centroid shifts in the histograms of the stable area, were corrected by Gaussian fitting to the time series
histograms of the range/azimuth offsets derived from the stable ground.

The Gaussian model to fit is given by

y =
n

∑
i=1

aiexp

[
−

(
x − bi

ci

)2
]

, 1 ≤ n ≤ 8 (5)

The number of Gaussian functions was increased one by one until the fit computation converged
or reached the maximum number of fitting functions. Examples of the fitted Gaussian functions are
plotted against the original histograms in Figure 12, showing the main lobes and secondary lobes are
all fitted.

Figure 12. Gaussian fitted histogram vs. the original histogram of azimuth offsets derived from stable
area (a) 4 March 2009; (b) 15 April 2010; (c) 13 January 2012; (d) 23 February 2013.

The centroid offsets of the Gaussian fitted deformation histograms derived from the 2009–2010
and 2012–2013 annual time series on the stable ground are shown in Figure 13.
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Figure 13. Centroid offsets of deformation histograms derived from natural scatterers on the stable
ground. (a) Results of 2009–2010 time series; (b) Results of 2012–2013 time series. Acquisition date is
displayed in the format of ‘yyyymmdd’.

The centroid location of every Gaussian peak was taken as a reference to correct the centroid
offsets for corresponding histograms of range/azimuth offsets derived from the landslide blocks.
After correction, the histograms (referred to as “calibrated histograms” in this paper) of the 2D
deformation fields derived from the stable ground adjacent to the landslide area are shown in Figure 14.

Figure 14. Calibrated time series histograms of 2D offsets derived from natural scatterers on the stable
ground: (a) azimuth offsets derived from 2009–2010 time series of TSX HS data; (b) range offsets
derived from 2009–2010 time series of TSX HS data; (c) azimuth offsets derived from 2012–2013 time
series of TSX HS data; (d) range offsets derived from 2012–2013 time series of TSX HS data. Acquisition
date is displayed in the format of ‘yyyymmdd’.

In Figure 14, the calibrated histograms have the main lobe centered on the coordinate origin point
with symmetrical small side lobes, indicating the calibration was successful.

The calibrated time series histograms of the azimuth/range displacement derived from the
Shuping landslide blocks are shown in Figure 15.

In Figure 15, we can observe that the envelope of histograms slowly moves backwards (azimuth
deformation) and forwards (range deformation) with time and the distribution of offsets gradually
spread out indicating that different scatters have different landslide rates.
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Figure 15. Calibrated time series histograms of 2D displacements derived from natural scatterers in the
landslide area: (a) Azimuth deformation histograms of 2009–2010 time series; (b) Range deformation
histograms of 2009–2010 time series; (c) Azimuth deformation histograms of 2012–2013 time series;
(d) Range deformation histograms of 2012–2013 time series. Acquisition date is displayed in the format
of ‘yyyymmdd’. Modified from [66].

Using the correlation coefficient of 0.25 as the threshold, all pixels with correlation above this
value are plotted to present the spatial distribution of azimuth and slant range displacements which
occurred in February 2009–April 2010 and January 2012–February 2013, as shown in Figures 16 and 17.
Range offsets beyond −1–+1 m and azimuth offsets beyond −2–+2 m are removed for better
visualization. The two displacement intervals are identified on the histograms.

 

Figure 16. Spatial distribution of the 2D displacement measured from the whole area.
(a,b) Azimuth/range offsets of the 21 February 2009–4 March 2009 pair; (c,d) Azimuth/range offsets of
the 21 February 2009–5 August 2009 pair; (e,f) Azimuth/range offsets of the 21 February 2009–15 April
2010 pair. The arrows marked as ”N, Rg, Az” refer to the North, slant range and azimuth directions.
All these scatterers have correlation coefficient no less than 0.25.
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Figure 17. Spatial distribution of the 2D displacement measured from the whole area.
(a,b) Azimuth/range offsets of the 2 January 2012–13 January 2012 pair; (c,d) Azimuth/range offsets of
the 2 January 2012–20 August 2012 pair; (e,f) Azimuth/range offsets of the 2 January 2012–23 February
2013 pair. The arrows marked as ”N, Rg, Az” refer to the North, slant range and azimuth directions.
All these scatterers have correlation coefficient no less than 0.25.

5. Discussion

5.1. Performance Assessment of sPOT on Vegetated Surface

The performance of sPOT in the vegetated areas is assessed by cumulative histograms of azimuth
and range offsets [20,67] derived from a rectangular area (242,035 m2) on the stable ground adjacent
to the landslide body. In COSI_Corr, the sub-pixel accuracy is achieved by a quadratic polynomial
interpolation of the correlation peak instead of oversampling the SAR intensities. Therefore, we only
alter the correlation window size in the tests.

Cumulative Distribution Functions (CDFs) of azimuth/range displacements are plotted for
different correlation window sizes, as shown in Figure 18.

Figure 18. (a) Cumulative histograms of azimuth offsets derived from the vegetated surface over a
stable area adjacent to the landslide body; (b) Cumulative histograms of range offsets derived from
the vegetated surface over a stable area adjacent to the landslide body. This is plotted for different
correlation window sizes of 16 × 16, 32 × 32 and 64 × 64.
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The elapsed time of each parameter setting in a 64 bit Windows 7 system (processor speed:
2.3 GHz, RAM: 8 GB) is listed in Table 4.

Table 4. Processing Time Corresponding to Different Window Sizes of Cross-Correlation, Taking Into
Account the Time Consumption of Image Co-Registration.

Correlation Window Size Processing Time

16 × 16 30 min
32 × 32 39 min
64 × 64 78 min

We can see that using a correlation window size of 32 × 32, in the CDFs of both azimuth and
range displacements, over 75% of pixels are characterised by displacements around zero and within
±1.0 pixel offset range. A larger window size improves the accuracy but dramatically increases the
processing time (detailed in Table 4). Larger window sizes also increase artifacts and reduce the
resolution of the deformation fields [67]. In the above experiments, it is found that a 32 × 32 correlation
window size fulfils the research objectives with a reasonable time consumption and is therefore chosen
in the processing for both CRs and vegetated surface.

Slight offsets of the centroid are observed from the CDFs of azimuth/range displacements
(Figure 18), which very likely results from the impact of dense vegetative cover. This is also pointed
out in Section 4.3 via the time series histograms of 2D deformation derived from stable ground,
which can be corrected by the proposed calibration technique. As long as the majority of the pixels
are characterised with deformation around a certain magnitude within a reasonable offset range,
the parameters are considered satisfactory to provide sufficient robustness for sPOT method in the
vegetated terrain.

5.2. Accuracy Assessment of Sub-Pixel Offset Tracking (sPOT)

The applicability of sPOT techniques to monitor landslides is determined by their accuracy,
which consists of image co-registration errors and the uncertainty associated with Cross Correlation.
In theory, the uncertainty of Cross Correlation can be calculated as the standard deviation error of the
determination of the correlation peak [68], expressed as follows:

σ =

√
3

10N

√
2 + 5γ2 − 7γ4

πγ2 (6)

where γ is the cross-correlation coefficient; N is the number of independent samples involved in the
Cross Correlation, referring to the original image resolution element. The correlation peak is then
interpolated using a quadratic polynomial for 1/4 pixel accuracy.

Thus, with a correlation window size of 32 × 32 and a correlation coefficient no less than 0.783
for all CRs, the Cross Correlation has an uncertainty of 0.02 pixels. This is validated by a simulation
of cross-correlation using the same parameters with the image acquired on 21 February 2009 as the
master and the same image shifted by 5 pixels in slant range direction and 8 pixels in inverse azimuth
direction as the slave. The 2D offsets derived by the cross-correlation are analysed and shown in
Table 5. These results are obtained with the correlation coefficients ranging from 0.806 to 0.999, almost
the same correlation coefficients measured from CRs.

From Table 5, we can see that with the correlation coefficients of no less than 0.8,
the cross-correlation measures a mean offset of 5 pixels in the range direction and−8 pixels in the
azimuth direction, exactly the same offsets as the image shifted prior to the simulation. The standard
deviation errors are 0.022 pixels and 0.021 pixels respectively in the range and azimuth directions.
This is in alignment with the theoretical uncertainty calculated for CRs (with a correlation coefficient no
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less than 0.783) using Equation (6). Thus, the calculated uncertainty is believed to be a good estimate
of practical errors of cross-correlation.

Table 5. Statistics of range and azimuth offsets derived from the 20090221 image and the same image
shifted by 5 pixels in range direction and 8 pixels in inverse azimuth direction.

Mean (Pixel) Std (Pixel) Max (Pixel) Min (Pixel)

Range offset 5.000 0.022 5.497 4.503
Azimuth offset −8.000 0.021 −7.503 −8.496

It is worth noting that the coregistration is not perfect. The residual errors from the coregistration
step may lead to uncompensated image offsets which can be mixed in with the investigated
displacements [37]. Thus, the overall errors of offset tracking should consider the coregistration errors
with the standard deviation errors of cross-correlation. Taking into account both of the cross-correlation
uncertainty and the co-registration errors up to 1/10 pixels, the theoretical accuracy of sPOT comes
to 0.12 pixels. Substituting the range pixel spacing of 45.6 cm and azimuth pixel spacing of 86.2 cm
of TSX Spotlight data into Equation (6), the accuracy of offsets measured from CRs is 5.5 cm in the
range direction and 10.3 cm in the azimuth direction. Thus, the offset tracking technique has sufficient
accuracy on CRs to monitor Shuping landslides with regard to the annual displacement rate up to 1 m
in the azimuth direction and up to 0.7 m in the range direction.

The corner reflector measurements were compared with the results of the same period presented
in [20], the differences between slant range/azimuth offsets are shown in Table 6.

Table 6. Comparison between the corner reflector measurements derived in this study and the results
presented in a previous study [20].

Mean Difference (m) Standard Deviation (m) RMS Errors (m)

Range offset 0.006 0.031 0.032
Azimuth offset 0.025 0.084 0.088

As shown in Table 6, the root mean square error (RMSE) of offset measurements is 0.088 m in
azimuth direction and 0.032 m in range direction, both within the expected accuracy of corner reflector
measurements, which reaches a good agreement from a statistical standpoint.

The accuracy of the offsets derived from natural scatterers in the vegetated terrain is assessed
by simulation using the correlation coefficients of 21 February 2009–15 April 2010 image pair as
inputs. The histogram of the correlation coefficients of natural scatterers is plotted in Figure 19.
All contributions from artificial CRs were masked out before analysis.

The accuracy consists of the simulated uncertainties using Equation (6) and co-registration errors
of 1/10 pixel size. The cumulative distributions of the 2D accuracy are shown in Figure 20.

From Figure 20, we can see that over 75% of natural scatterers have improved accuracy rates of
34 cm in the azimuth direction and 18 cm in the range direction. For a typical correlation coefficient of
0.25, the lowest accuracy is 24 cm in the azimuth direction and 13 cm in the range direction. Hence,
the accuracy of the natural scatterers is statistically significant in measuring the Shuping landslides
with regard to the annual displacement rate up to 1 m in the azimuth direction and 0.7 m in the
range direction.
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Figure 19. Histogram of the correlation coefficients of 21 February 2009–15 April 2010 image pair
processed by sPOT method, the contributions from corner reflectors have been masked out before
the assessment.

Figure 20. (a) Cumulative distributions of the accuracy of azimuth displacements derived from natural
scatterers; (b) Cumulative distributions of the accuracy of range displacements derived from natural
scatterers. Both of the Cross Correlation uncertainty and co-registration errors are considered.

5.3. Validation of Derived Shuping Landslide Rates

Due to the lack of availability of in-situ measurements of CRs in the Shuping landslide area, the
offset tracking results are verified by the extensometer measurements presented by Wang et al. [23] on
the eastern block of the Shuping landslide (where CR7-11 is located).

The measured range and azimuth deformation represent the components of the actual
displacement projected on the slant range and azimuth directions. The displacement vector measured
by extensometers is along the slope surface and centreline of the eastern block [23], approximately
along the gradient of the elevation model. Slope degrees are derived using 1 arc-second SRTM DEM
for each elevation value. By the decomposition of the extensometer measurements on to the North,
East and Up directions, the azimuth and slant range offsets dr and da can be resolved using the
following Equations [69]:

dr = −ducosθinc + sinθinc
[
dncos

(
αh − 3π

2
)
+ desin

(
αh − 3π

2
)]

= −ducosθinc − dnsinθincsinαh + desinθinccosαh

(7)
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da = dnsin
(
αh − 3π

2
)− decos

(
αh − 3π

2
)

= dncosαh + desinαh

(8)

where du, dn, de are the Upward, Northward and Eastward displacement, dr and da denote the
range and azimuth displacement derived from SAR images, θinc is the antenna incidence angle, αh
represents the satellite orbit heading (the angle formed between North and azimuth direction).

CR9 in the eastern block is selected for the comparison because its elevation of 277 m is closest to
one of the extensometers “SP1-9” crossing the 275 m contour as presented in [23]. The SP1-9 shows
70 cm increase of displacement from February–August 2009.

With an orientation of 355◦ (measured in Google Earth using the centreline of the eastern block),
slope degrees of 22◦ (derived from the DEM), accumulative displacement of 0.7 m is decomposed and
inversed to the radar geometry using Equations (7) and (8). The inversion obtained −0.62 m of azimuth
displacement and 0.33 m of slant range displacement for the period of 1 February–01 August 2009.
The accumulative displacements derived by offset tracking on CR7 for 21 February–5 August 2009
are −0.6 m in the azimuth direction and 0.44 m in the range direction. We can see that the azimuth
displacement derived by offset tracking is very close to the extensometer measurement with only a
difference of 2 cm, while the range displacement has a difference of 11 cm. This is probably because
the extensometer only measures the displacement projection along the orientation of the block (355◦)
approximately to the North and the decomposed range displacement is only part of the projection
of actual displacement along the slant range. Overall, the extensometer measurements revealed a
consistent pattern of all extensometers with a dramatic increase of the displacement from May to
August 2009, which is in alignment with the pattern detected by offset tracking.

5.4. Landslide Mechanism Inferred From This Study

The landslide rates measured from the two annual time series show a consistent seasonal pattern
of the deformation magnitude of all CRs located in the landslide blocks, whilst the displacements
of CRs on the stable ground fluctuate around zero. The corner reflector measurements inside the
landslide boundary show a dramatic increase over the same time period over both observation years
(i.e., May to August in 2009 and 2012), which implies that the landslide is likely caused by the same
driving factors.

In Figures 7 and 8, the measurements of CR9 and CR15 both show a strong correlation with the
water level variations of Three Gorges Reservoir in 2009–2010 and 2012–2013 time series observation.
It is evident that the landslide active period coincides with the sharp drawdown of the water level of the
Three Gorges Dam Reservoir. This suggests a strong connection between the landslide displacements
and the operation of the Three Gorges Dam. As there is no deformation observed after the big rise
of water level in September, the failure mechanism can be considered as follows: When the reservoir
water level increases, the voids of the soil are gradually filled with water during this process. Then the
water level reaches its highest level (175 m) and remains in this level for a period. The ground water
table gradually reaches a higher elevation and remains in this state. The pressure inside the landslide
body balances with the pressure formed by the 175 m water level, which maintains the slope stability.
When the water level sharply drops, the ground water content within the landslide body does not
drop at the same rate. This results in greater water content inside the landslide body, which forms an
outward pressure, leading to the loss of slope stability. However, as the water level drawdown happens
synchronously with the seasonal rainfall variations (due to the drawdown being enacted to mitigate
against flooding effects form the high seasonal rainfall), a further study is required to differentiate the
impacts of these two factors to fully understand the mechanism of the Shuping landslide.

5.5. Potential and Limitations of sPOT to Monitor Landslides in Densely Vegetated Areas

The sub-Pixel Offset Tracking (sPOT) approach only utilizes intensity bands of the satellite imagery
to retrieve 2D ground deformation. It is less sensitive to Atmospheric phase screening (APS) and
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low phase coherence, not requiring phase unwrapping which leads to most of the failures in DInSAR
time series approaches due to the low density of Persistent Scatter points. Thus, sPOT techniques
potentially has the capability and advantage of measuring the deformation of slope movements with
the speed exceeding the maximum detectable displacement of DInSAR or map mass movements in
challenging areas such as densely vegetated steep terrain.

The sPOT techniques can be applied in measuring surface deformation when the expected
accuracy is sufficient. This is jointly determined by the deformation rates, availability of high-resolution
imagery and surface features in the targeted area. Using hi-resolution SAR imagery, sPOT can be
used for the monitoring of slow-moving landslides and complement other applications of DInSAR,
since sPOT has no limitation on the maximum detectable deformation gradient (DDG) and is still
applicable to deformation measurements in the direction perpendicular to satellite LOS.

The deformation rates of the Shuping landslide show that the maximum displacement assumption
of DInSAR is not valid in this region, suggesting offset tracking is the only viable alternative method
when high resolution imagery is available in order to achieve sufficient accuracy with regard to the
displacement rates. Similar to the PSI and SBAS methods, the displacement derived by offset tracking is
relative to the stable ground. The constant offsets were removed in the step of centroid shift correction.
There can be several sources of the constant offsets, such as the seasonal changes of vegetation cover,
the general change of backscatters due to different view angles between passes, etc.

In addition, when there is a lack of ground truth measurements, the results derived from another
independent dataset can be utilized in the validation. Thus, for potentially unstable slopes, more than
one dataset acquired over the same time period is important for deformation monitoring.

The proposed sPOT approach has been shown of being capable of measuring landslide rates
in densely vegetated terrain. Instead of only measuring the deformation magnitude of sparsely
distributed 17 CRs, this approach provides a synoptic overview of the deformation fields of all pixels in
the landslide area by statistical analysis. From the centroid location changes of every annual time series
histograms, the active period of Shuping landslide can be detected. In Figure 15, for both azimuth
and range displacements, we can see the histogram centroid stays the same during from 21 February
2009–20 April 2009 and 2 January 2012–24 May 2012 and then shows a sudden change from May of
each annual time series as well as a wider and split distribution of histograms. In the periods during
5 August 2009–15 April 2010 and 20 August 2012–23 February 2013 the centroid rarely moves with
slight changes in the envelope shapes. From the statistical analysis, the active period of the Shuping
landslide is identified as May to August annually, whilst after August, the slope tends to be relatively
stable, which shows an accurate correlation with the corner reflector measurements. Offset maps
(Figures 16 and 17) show the spatial distribution of the deformation and a distinguishable pattern
representing the ongoing landslide.

6. Conclusions

Monitoring of landslides using DInSAR in the Three Gorges Region has received extensive
attention over recent years due to the challenges posed in this region. Sub-Pixel Offset Tracking
(sPOT) is here shown as an alternative method to address several issues that DInSAR encountered in
previous research.

In this study, we demonstrated the capability of sub-Pixel Offset Tracking (sPOT) techniques to
monitor relatively fast slope movements in densely vegetated areas with and without the presence
of artificial CRs. Although lower accuracy is expected by using sPOT, as long as the accuracy is
sufficient with regard to the deformation rates in the study area, sPOT has the advantage of measuring
ground displacement perpendicular to the satellite line-of-sight. In addition to DInSAR techniques,
sPOT should also be applied to assess if the assumption of DInSAR can be fulfilled. As only SAR
amplitude is employed in the processing, sPOT is less sensitive to changes of Atmospheric Phase
Screen and low phase coherence. It is not limited by the maximum detectable displacement (MMD) of
DInSAR or time series DInSAR as it is not based on any assumption required by phase unwrapping.
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Artificial CRs can help to achieve higher accuracy for ground deformation measurements made from
sPOT measurements in densely vegetated terrain, whist in the vast majority of regions where such
high-contrast features are not available, the proposed approach is able to independently measure
ground deformation in terms of the detection of the landslide scale, active period and distribution of
deformation magnitude of all the scatterers for the whole landslide area.

In this paper, the statistical analysis of landslide rates derived over vegetated surfaces shows
a dramatic increase of landslide displacement rates in the time period approximately from May to
August in 2009–2010 and 2012–2013. In each annual time series, the landslide active period coincided
with a large drawdown of the reservoir water level in the flood season, suggesting that in Shuping there
is a strong connection between the formation of landslides and the operation of the Three Gorges Dam.

Acknowledgments: This research is linked to the ESA-MOST DRAGON-3 Project #10665: Monitoring
ground surface displacements in China from EO through case studies of landslides in the Three Gorges
Area, crustal tectonic movement in Tibet and subsidence in South China. The work is supported by
the UCL Dean’s Prize and China Scholarship Council Scholarship. The TerraSAR-X data employed in
this study was provided by the German Aerospace Centre (DLR) under data grant GEO0112. We thank
J. Zhang, Q. Jiao and T. Xue from China Earthquake Administration for support on fieldwork, and
A. Singleton from the University of Glasgow for providing CR measurements for comparison. COSI_Corr
was downloaded from http://www.tectonics.caltech.edu/slip_history/spot_coseis/download_software.html for
non-commercial research.

Author Contributions: First draft by L. Sun; Supervision and selection of areas by J.-P. Muller as well as editing
of original and revised manuscripts prior to submission; Joint field work by L. Sun and J.-P. Muller in the area in
May 2014.

Conflicts of Interest: The authors declare no conflict of interest. The founding sponsors had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, and in the
decision to publish the results.

References

1. Liao, M.; Tang, J.; Wang, T.; Balz, T.; Zhang, L. Landslide monitoring with high-resolution sar data in the
Three Gorges Region. Sci. China Earth Sci. 2012, 55, 590–601. [CrossRef]

2. Wang, Z.H. Remote sensing in the preparatory work of China’s hydropower construction. Remote Sens.
Land Resour. 1995, 7, 1–8.

3. Perski, Z.; Wojciechowski, T.; Borkowski, A. Persistent scatterer sar interferometry applications on landslides
in carpathians (Southern Poland). Acta Geodyn. Geomater. 2010, 7, 1–7.

4. Gabriel, A.K.; Goldstein, R.M.; Zebker, H.A. Mapping small elevation changes over large areas: Differential
radar interferometry. J. Geophys. Res. 1989, 94, 9183–9191. [CrossRef]

5. Goldstein, R.M.; Engelhardt, H.; Kamb, B.; Frolich, R.M. Satellite radar interferometry for monitoring ice
sheet motion: Application to an antarctic ice stream. Science 1993, 262, 1525–1530. [CrossRef] [PubMed]

6. Massonnet, D.; Rossi, M.; Carmona, C.; Adragna, F.; Peltzer, G.; Feigl, K.; Rabaute, T. The displacement field
of the landers earthquake mapped by radar interferometry. Nature 1993, 364, 138–142. [CrossRef]

7. Zebker, H.A.; Rosen, P. On the derivation of coseismic displacement fields using differential radar
interferometry: The landers earthquake. In Proceedings of the IEEE International Geoscience and
Remote Sensing Symposium, Surface and Atmospheric Remote Sensing: Technologies, Data Analysis
and Interpretation, Pasadena, CA, USA, 8–12 August 1994; pp. 286–288.

8. Shan, X.; Ma, J.; Wang, C.; Liu, J.; Song, X.; Zhang, G. Co-seismic ground deformation and source parameters
of Mani M7.9 earthquake inferred from spaceborne D-InSAR observation data. Sci. China Earth Sci. 2004, 47,
481–488. [CrossRef]

9. Colesanti, C.; Wasowski, J. Investigating landslides with space-borne synthetic aperture radar (SAR)
interferometry. Eng. Geol. 2006, 88, 173–199. [CrossRef]

10. Tomas, R.; Herrera, G.; Lopez-Sanchez, J.M.; Vicente, F.; Cuenca, A.; Mallorquí, J.J. Study of the land
subsidence in Orihuela city (SE Spain) using PSI data: Distribution, evolution and correlation with
conditioning and triggering factors. Eng. Geol. 2010, 115, 105–121. [CrossRef]

236



Remote Sens. 2016, 8, 659

11. Milillo, P.; Fielding, E.J.; Shulz, W.H.; Delbridge, B.; Burgmann, R. Cosmo-skymed spotlight interferometry
over rural areas: The slumgullion landslide in colorado, USA. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens.
2014, 7, 2919–2926. [CrossRef]

12. Liu, D.; Shao, Y.; Liu, Z.; Riedel, B.; Sowter, A.; Niemeier, W.; Bian, Z. Evaluation of InSAR and TomoSAR for
monitoring deformations caused by mining in a mountainous area with high resolution satellite-based SAR.
Remote Sens. 2014, 6, 1476–1495. [CrossRef]

13. Fernández, J.; Romero, R.; Carrasco, D.; Luzón, F.; Araña, V. InSAR volcano and seismic monitoring in Spain.
Results for the period 1992–2000 and possible interpretations. Opt. Lasers Eng. 2002, 37, 285–297. [CrossRef]

14. Ferretti, A.; Prati, C.; Rocca, F. Permanent scatterers in SAR interferometry. IEEE Trans. Geosci. Remote Sens.
2001, 39, 8–20. [CrossRef]

15. Hooper, A.; Zebker, H.; Segall, P.; Kampes, B. A new method for measuring deformation on volcanoes and
other natural terrains using InSAR persistent scatterers. Geophys. Res. Lett. 2004. [CrossRef]

16. Ferretti, A.; Savio, G.; Barzaghi, R.; Borghi, A.; Musazzi, S.; Novali, F.; Prati, C.; Rocca, F. Submillimeter
accuracy of InSAR time series: Experimental validation. IEEE Trans. Geosci. Remote Sensi. 2007, 45, 1142–1153.
[CrossRef]

17. Lundgren, P.; Usai, S.; Sansosti, E.; Lanari, R.; Tesauro, M.; Fornaro, G.; Berardino, P. Modeling surface
deformation observed with synthetic aperture radar interferometry at Campi Flegrei Caldera. J. Geophys.
Res. Solid Earth 2001, 106, 19355–19366. [CrossRef]

18. Berardino, P.; Fornaro, G.; Lanari, R.; Sansosti, E. A new algorithm for surface deformation monitoring based
on small baseline differential SAR interferograms. IEEE Trans. Geosci. Remote Sens. 2002, 40, 2375–2383.
[CrossRef]

19. Muller, J.; Zeng, Q.; Li, Z.; Liu, J.; Austin, N.; Brown, D.; Nightingale, M.; Zhang, J.; Gong, L.; Ouyang, Z.
Dragon Project 2558: Exploitation of SAR and optical imagery for monitoring the environmental impacts of
the Three Gorges Dam. In Proceedings of the 2008 Dragon Symposium, Beijing, China, 21–25 April 2008.

20. Singleton, A.; Li, Z.; Hoey, T.; Muller, J.P. Evaluating sub-pixel offset techniques as an alternative to D-InSAR
for monitoring episodic landslide movements in vegetated terrain. Remote Sens. Environ. 2014, 147, 133–144.
[CrossRef]

21. Fu, W.; Guo, H.; Tian, Q.; Guo, X. Landslide monitoring by corner reflectors differential interferometry SAR.
Int. J. Remote Sens. 2010, 31, 6387–6400. [CrossRef]

22. Xia, Y. Synthetic aperture radar interferometry. In Sciences of Geodesy I: Advances and Future Directions;
Xu, G., Ed.; Springer: Berlin/Heidelberg, Germany, 2010; pp. 415–474.

23. Wang, F.; Yin, Y.; Huo, Z.; Zhang, Y.; Wang, G.; Ding, R. Slope deformation caused by water-level variation in
the Three Gorges Reservoir, China. In Landslides: Global Risk Preparedness; Sassa, K., Rouhban, B., Briceño, S.,
McSaveney, M., He, B., Eds.; Springer: Berlin/Heidelberg, Germany, 2013; pp. 227–237.

24. Chen, C.W.; Zebker, H.A. Network approaches to two-dimensional phase unwrapping: Intractability and
two new algorithms. J. Opt. Soc. Am. A 2000, 17, 401–414. [CrossRef]

25. Cruden, D.M.; Varnes, D.J. Landslide types and processes. In Landslides: Investigation and Mitigation;
Transportation Research Board: Washington, DC, USA, 1996; pp. 36–75.

26. Hungr, O.; Leroueil, S.; Picarelli, L. The varnes classification of landslide types, an update. Landslides 2014,
11, 167–194. [CrossRef]

27. Longoni, L.; Papini, M.; Brambilla, D.; Arosio, D.; Zanzi, L. The role of the spatial scale and data accuracy on
deep-seated gravitational slope deformation modeling: The Ronco Landslide, Italy. Geomorphology 2016, 253,
74–82. [CrossRef]

28. Brückl, E.; Brunner, F.; Lang, E.; Mertl, S.; Müller, M.; Stary, U. The gradenbach observatory—Monitoring
deep-seated gravitational slope deformation by geodetic, hydrological, and seismological methods. Landslides
2013, 10, 815–829. [CrossRef]

29. Michel, R.; Avouac, J.P.; Taboury, J. Measuring ground displacements from SAR amplitude images:
Application to the landers earthquake. Geophys. Res. Lett. 1999, 26, 875–878. [CrossRef]

30. Kääb, A. Monitoring high-mountain terrain deformation from repeated air and spaceborne optical data:
Examples using digital aerial imagery and ASTER data. ISPRS J. Photogramm. Remote Sens. 2002, 57, 39–52.
[CrossRef]

237



Remote Sens. 2016, 8, 659

31. Yamaguchi, Y.; Tanaka, S.; Odajima, T.; Kamai, T.; Tsuchida, S. Detection of a landslide movement as
geometric misregistration in image matching of SPOT HRV data of two different dates. Int. J. Remote Sens.
2003, 24, 3523–3534. [CrossRef]

32. Delacourt, C.; Allemand, P.; Casson, B.; Vadon, H. Velocity field of the “la clapière” landslide measured by
the correlation of aerial and quickbird satellite images. Geophys. Res. Lett. 2004. [CrossRef]

33. Wangensteen, B.; Guðmundsson, Á.; Eiken, T.; Kääb, A.; Farbrot, H.; Etzelmüller, B. Surface displacements
and surface age estimates for creeping slope landforms in Northern and Eastern Iceland using digital
photogrammetry. Geomorphology 2006, 80, 59–79. [CrossRef]

34. Debella-Gilo, M.; Kääb, A. Sub-pixel precision image matching for measuring surface displacements on
mass movements using normalized cross-correlation. Remote Sens. Environ. 2011, 115, 130–142. [CrossRef]

35. Bennett, G.; Roering, J.; Mackey, B.; Handwerger, A.; Schmidt, D.; Guillod, B. Historic drought puts the
brakes on earthflows in Northern California. Geophys. Res. Lett. 2016. [CrossRef]

36. Strozzi, T.; Luckman, A.; Murray, T.; Wegmuller, U.; Werner, C.L. Glacier motion estimation using SAR
offset-tracking procedures. IEEE Trans. Geosci. Remote Sens. 2002, 40, 2384–2391. [CrossRef]

37. Casu, F.; Manconi, A.; Pepe, A.; Lanari, R. Deformation time-series generation in areas characterized by large
displacement dynamics: The SAR amplitude pixel-offset SBAS technique. IEEE Trans. Geosci. Remote Sens.
2011, 49, 2752–2763. [CrossRef]

38. Casu, F.; Manconi, A. Four-dimensional surface evolution of active rifting from spaceborne SAR data.
Geosphere 2016, 12, 697–705. [CrossRef]

39. Manconi, A.; Casu, F.; Ardizzone, F.; Bonano, M.; Cardinali, M.; De Luca, C.; Gueguen, E.; Marchesini, I.;
Parise, M.; Vennari, C.; et al. Brief communication: Rapid mapping of landslide events: The 3 December
2013 montescaglioso landslide, Italy. Nat. Hazards Earth Syst. Sci. 2014, 14, 1835–1841. [CrossRef]

40. Elefante, S.; Manconi, A.; Bonano, M.; De Luca, C.; Casu, F. Three-dimensional ground displacements
retrieved from SAR data in a landslide emergency scenario. In Proceedings of the 2014 IEEE Geoscience and
Remote Sensing Symposium, Quebec City, QC, USA, 13–18 July 2014; pp. 2400–2403.

41. Raspini, F.; Ciampalini, A.; Del Conte, S.; Lombardi, L.; Nocentini, M.; Gigli, G.; Ferretti, A.; Casagli, N.
Exploitation of amplitude and phase of satellite SAR images for landslide mapping: The case of
Montescaglioso (South Italy). Remote Sens. 2015, 7, 14576–14596. [CrossRef]

42. Li, X. The Application of Sub-Pixel Correlation on the Measurement of Landslide Deformation—Taking the
Shuping Landslide as an Example. Ph.D. Thesis, Peking University, Beijing, China, 2011.

43. Monserrat, O.; Moya, J.; Luzi, G.; Crosetto, M.; Gili, J.A.; Corominas, J. Non-interferometric GB-SAR
measurement: Application to the vallcebre landslide (Eastern Pyrenees, Spain). Nat. Hazards Earth Syst. Sci.
2013, 13, 1873–1887. [CrossRef]

44. Raucoules, D.; De Michele, M.; Malet, J.P.; Ulrich, P. Time-variable 3D ground displacements from
high-resolution synthetic aperture radar (SAR). Application to la valette landslide (South French Alps).
Remote Sens. Environ. 2013, 139, 198–204. [CrossRef]

45. Jiao, M.; Song, L.; Wang, J.; Ke, Y.; Zhang, C.; Zhou, T.; Xu, Y.; Jiang, T.; Zhu, C.; Chen, X.; et al. Addressing
the potential climate effects of China’s Three Gorges project. Water Energy Int. 2013, 70, 59–60.

46. Wang, T.; Perissin, D.; Liao, M.; Rocca, F. Deformation monitoring by long term D-InSAR analysis in
Three Gorges Area, China. In Proceedings of the IGARSS 2008—2008 IEEE International Geoscience and
Remote Sensing Symposium, Boston, MA, USA, 7–11 July 2008; pp. IV-5–IV-8.

47. Wang, T.; Perissin, D.; Rocca, F.; Liao, M.-S. Three Gorges Dam stability monitoring with time-series InSAR
image analysis. Sci. China Earth Sci. 2011, 54, 720–732. [CrossRef]

48. Müller, B.; Berg, M.; Yao, Z.P.; Zhang, X.F.; Wang, D.; Pfluger, A. How polluted is the Yangtze River? Water
quality downstream from the Three Gorges Dam. Sci. Total Environ. 2008, 402, 232–247. [CrossRef] [PubMed]

49. Wu, J.; Gao, X.; Giorgi, F.; Chen, Z.; Yu, D. Climate effects of the Three Gorges Reservoir as simulated by a
high resolution double nested regional climate model. Quat. Int. 2012, 282, 27–36. [CrossRef]

50. Xu, K.; Milliman, J.D. Seasonal variations of sediment discharge from the Yangtze River before and after
impoundment of the Three Gorges Dam. Geomorphology 2009, 104, 276–283. [CrossRef]

51. Xu, X.; Tan, Y.; Yang, G.; Li, H.; Su, W. Impacts of China’s Three Gorges Dam project on net primary
productivity in the reservoir area. Sci. Total Environ. 2011, 409, 4656–4662. [CrossRef] [PubMed]

52. Zhao, F.; Shepherd, M. Precipitation changes near Three Gorges Dam, China. Part I: A spatiotemporal
validation analysis. J. Hydrol. 2011, 13, 735–745. [CrossRef]

238



Remote Sens. 2016, 8, 659

53. Guo, H.; Hu, Q.; Zhang, Q.; Feng, S. Effects of the Three Gorges Dam on Yangtze River flow and river
interaction with Poyang Lake, China: 2003–2008. J. Hydrol. 2012, 416–417, 19–27. [CrossRef]

54. Wang, F.; Zhang, Y.; Huo, Z.; Peng, X.; Araiba, K.; Wang, G. Movement of the shuping landslide in the
first four years after the initial impoundment of the Three Gorges Dam Reservoir, China. Landslides 2008, 5,
321–329. [CrossRef]

55. Chen, D.; Xue, G.; Xu, F. Study on the Engineering Geology Properties in Three Gorges; Hubei Science and
Technology Publisher: Wuhan, China, 1997.

56. Sassa, K.; Fukuoka, H.; Wang, F.; Wang, G. Landslides: Risk Analysis and Sustainable Disaster Management;
Springer Science & Business Media: Berlin/Heidelberg, Germany, 2006.

57. Zitova, B.; Flusser, J. Image registration methods: A survey. Image Vis. Comput. 2003, 21, 977–1000. [CrossRef]
58. Li, X.; Muller, J.-P.; Fang, C.; Zhao, Y. Measuring displacement field from TerraSAR-X amplitude images by

sub-pixel correlation: An application to the landslide in shuping, Three Gorges Area. Acta Petrol. Sin. 2011,
27, 3843–3850.

59. Leprince, S.; Ayoub, F.; Klingert, Y.; Avouac, J.P. Co-registration of optically sensed images and correlation
(COSI-Corr): An operational methodology for ground deformation measurements. In Proceedings of the
Geoscience and Remote Sensing Symposium, Barcelona, Spain, 23–28 July 2007; pp. 1943–1946.

60. Leprince, S.; Barbot, S.; Ayoub, F.; Avouac, J.P. Automatic and precise orthorectification, coregistration,
and subpixel correlation of satellite images, application to ground deformation measurements. IEEE Trans.
Geosci. Remote Sens. 2007, 45, 1529–1558. [CrossRef]

61. Ayoub, F.; Leprince, S.; Avouac, J.-P. Co-registration and correlation of aerial photographs for ground
deformation measurements. ISPRS J. Photogramm. Remote Sens. 2009, 64, 551–560. [CrossRef]

62. Xia, Y.; Kaufmann, H.; Guo, X.F. Landslide monitoring in the Three Gorges Area using D-InSAR and corner
reflectors. Photogramm. Eng. Remote Sens. 2004, 70, 1167–1172.

63. Liu, J.G.; Mason, P.J.; Clerici, N.; Chen, S.; Davis, A.; Miao, F.; Deng, H.; Liang, L. Landslide hazard assessment
in the Three Gorges Area of the Yangtze river using ASTER imagery: Zigui–Badong. Geomorphology 2004, 61,
171–187. [CrossRef]

64. Bai, S.-B.; Wang, J.; Lü, G.-N.; Zhou, P.-G.; Hou, S.-S.; Xu, S.-N. Gis-based logistic regression for landslide
susceptibility mapping of the Zhongxian segment in the Three Gorges Area, China. Geomorphology 2010, 115,
23–31. [CrossRef]

65. Xu, X.; Tan, Y.; Yang, G. Environmental impact assessments of the Three Gorges project in China: Issues and
interventions. Earth-Sci. Rev. 2013, 124, 115–125. [CrossRef]

66. Sun, L.; Muller, J.-P.; Singleton, A.; Li, Z.; Liu, D.; Riedel, B.; Niemeier, W.; Liang, C.; Zeng, Q.; Jiao, J.
Monitoring ground surface displacements in the Three Gorges area, crustal tectonic movement in Tibet
and subsidence in South China. In Proceedings of the Dragon 3Mid Term Results, Chengdu, China,
26–29 May 2015.

67. Yun, S.H.; Zebker, H.; Segall, P.; Hooper, A.; Poland, M. Interferogram formation in the presence of complex
and large deformation. Geophys. Res. Lett. 2007. [CrossRef]

68. De Zan, F. Accuracy of incoherent speckle tracking for circular gaussian signals. IEEE Geosci. Remote
Sens. Lett. 2014, 11, 264–267. [CrossRef]

69. Hanssen, R.F. Radar Interferometry: Data Interpretation and Error Analysis; Springer: New York, NY, USA, 2001.

© 2016 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC-BY) license (http://creativecommons.org/licenses/by/4.0/).

239



remote sensing 

Article

Landslide Displacement Monitoring by a Fully
Polarimetric SAR Offset Tracking Method

Changcheng Wang 1, Xiaokang Mao 1,2 and Qijie Wang 1,*

1 School of Geosciences and Info-Physics, Central South University, Changsha 410083, China;
wangchangcheng@csu.edu.cn (C.W.); 135011077@csu.edu.cn (X.M.)

2 China Railway Siyuan Survey and Design Group Company, Wuhan 430063, China
* Correspondence: qjwang@csu.edu.cn; Tel.: +86-731-8883-0573

Academic Editors: Roberto Tomas, Zhenhong Li, Richard Gloaguen and Prasad S. Thenkabail
Received: 2 May 2016; Accepted: 21 July 2016; Published: 28 July 2016

Abstract: Landslide monitoring is important for geological disaster prevention, where Synthetic
Aperture Radar (SAR) images have been widely used. Compared with the Interferometric SAR
(InSAR) technique, intensity-based offset tracking methods (e.g., Normalized Cross-Correlation
method) can overcome the limitation of InSAR’s maximum detectable displacement. The normalized
cross-correlation (NCC) method, based on single-channel SAR images, estimates azimuth and range
displacement by using statistical correlation between the matching windows of two SAR images.
However, the matching windows—especially for the boundary area of landslide—always contain
pixels with different moving characteristics, affecting the precision of displacement estimation. Based
on the advantages of polarimetric scattering properties, this paper proposes a fully polarimetric
SAR (PolSAR) offset tracking method for improvement of the precision of landslide displacement
estimation. The proposed method uses the normalized inner product (NIP) of the two temporal
PolSAR Pauli scattering vectors to evaluate their similarity, then retrieve the surface displacement of
the Slumgullion landslide located in southwestern Colorado, USA. A pair of L-band fully polarimetric
SAR images acquired by the Jet Propulsion Laboratory’s Uninhabited Aerial Vehicle Synthetic
Aperture Radar (UAVSAR) system are selected for experiment. The results show that the Slumgullion
landslide’s moving velocity during the monitoring time ranges between 1.6–10.9 mm/d, with an
average velocity of 6.3 mm/d. Compared with the classical NCC method, results of the proposed
method present better performance in the sub-pixel estimation. Furthermore, it performs better when
estimating displacement in the area around the landslide boundaries.

Keywords: landslide monitoring; displacement; offset tracking; PolSAR

1. Introduction

As a kind of natural geological disaster, landslide has caused enormous property damage and a
large number of casualties all over the world [1]. Landslides occur more often and cause more serious
loss in developing countries [2]. To prevent or reduce damages caused by landslides, it is necessary
to monitor them. Common landslide monitoring methods are in-situ observations, GPS, and remote
sensing techniques [3]. Among them, remote sensing can automatically monitor the displacement
or changes of the whole landslide, not only of a few observation points. This technique has been
widely applied in the three aspects of landslide investigations, namely landslide recognition, landslide
monitoring, landslide hazards forecasting [4]. For optical remote sensing, cloudy or rainy areas always
pose difficulties to regular landslide monitoring [5]. However, synthetic aperture radar (SAR) systems
can monitor landslides in all weather and with all illumination conditions. With these advantages,
SAR images have been used for many studies to monitor landslides in recent decades [6,7].
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Differential SAR interferometry (D-InSAR) is one of the two main approaches used to estimate
the landslide displacement using SAR data. It uses SAR images’ phase difference information, and has
been widely used in land deformation monitoring [8–13]. Furthermore, as polarimetric information
can help to improve the coherence, some researchers have combined polarimetric SAR (PolSAR) data
with D-InSAR to improve the results [14–16]. Although the D-InSAR technique has been successfully
applied in retrieving highly accurate landslide displacement in some case studies [17], it also has
some problems. One issue is that it only measures the landslide displacement in the line-of-sight
(LOS) direction [18,19]. Therefore, its result has neither the deformation along the azimuth direction,
nor the displacement information when the moving direction of the landslide is perpendicular to
the LOS direction. Second, the D-InSAR method cannot work when the landslide displacement
exceeds the maximum detectable displacement. Last but not least, its successful application is often
limited by de-correlation effects (phase noise). The other method is the offset tracking method, which
uses SAR images’ intensity information to estimate the deformation along the azimuth and range
direction [20–23]. As SAR intensity information is more stable than phase information, it is easier to
compute landslide displacement in both the azimuth and range direction by intensity-based offset
tracking methods [24]. The precision of this method is related to the spatial resolution of SAR images,
which is lower than that of the D-InSAR method [19]. However, with the new generation of high
resolution sensors (e.g., TerraSAR-X, Radarsat-2, and high resolution airborne SAR systems), the
precision of this method has been improved [25]. The normalized cross-correlation (NCC) offset
tracking is a classical intensity-based displacement estimation approach [26] which has been widely
used for glacier velocity estimation [23], earthquake displacement [27–30], landslide monitoring, and
so on. In addition, as polarimetric SAR images provide more valuable information than that of single
channel SAR images, they may help to improve the precision of intensity-based deformation estimation.
However, few studies have taken into account the polarimetric information for landslide displacement
estimation. Most studies use single-channel SAR intensity images to estimate landslide deformation.
Therefore, we attempt to use PolSAR images to improve the accuracy of the intensity-based deformation
estimation. Erten, et al. [31,32] proposed two PolSAR tracking methods for glacier velocity estimation,
one based on the mutual information of temporal polarimetric covariance matrices and the other based
on maximum likelihood estimation. These two methods improved the precision of the offset tracking
method compared with single SAR. These methods measure the second-order statistical dependence
between two temporal polarimetric covariance matrices. In this paper, taking the advantages of
polarimetric scattering properties, we propose a new polarimetric SAR tracking method to improve
the accuracy of landslide displacement estimation.

The rest of the paper is arranged as follows. Section 2 simply introduces the classical NCC method
and presents the principle of the proposed polarimetric SAR offset tracking method for landslide
monitoring. Section 3 illustrates the experimental results. Then, we make a performance analysis of
the proposed method in Section 4. Conclusions are drawn in Section 5.

2. Methodology

2.1. The Classical Normalized Cross-Correlation Tracking Algorithm

The normalized cross-correlation (NCC) tracking method is a classical intensity-based matching
method, which finds the best match by maximizing a similarity measurement of candidate local blocks
of two images. Then, the local offset of each pixel is determined by the peak value of the corresponding
candidate correlation plane [33]. For two SAR images, IM and IS, the correlation (ρ) between two image
templates is calculated with Equation (1).

241



Remote Sens. 2016, 8, 624

ρ “

ˇ̌̌̌
ˇ Mř
i“1

Nř
j“1

pmi,j ´ μmqpsi,j ´ μsq
ˇ̌̌̌
ˇd

Mř
i“1

Nř
j“1

pmi,j ´ μmq2
Mř

i“1

Nř
j“1

psi,j ´ μsq2
(1)

where the template size is M ˆ N, i P t1, 2, . . . , Mu and j P t1, 2, . . . , Nu. mi,j and si,j are intensity values
at pixel pi, jq within the template of IM and IS, respectively. μm and μs are the mean of the template of
IM and IS, respectively.

After defining a searching window in image IS, the NCC correlation plane can be calculated
by shifting pixel by pixel. Then, we can find the peak value of the correlation plane. To achieve a
sub-pixel accuracy, correlations around the peak location should be interpolated. Finally, the sub-pixel
offsets along the azimuth and range directions are determined by the peak of the interpolated
correlation plane.

2.2. The Proposed Polarimetric Tracking Algorithm

A fully PolSAR system acquires four-channel images in the horizontal (H) and vertical (V)
polarization basis. Then, the observed scattering matrix can be expressed as a 4-D polarimetric vector
Ñ
K “ pSHH , SHV , SVH , SVVqT [34]. For a monostatic backscattering system and a reciprocal target,
the scattering matrix is symmetric; that is, SHV “ SVH . Then, the 4-D scattering vector can be reduced

to a 3-D polarimetric vector
Ñ
K “ “

SHH ,
?

2SHV , SVV
‰T

[35].
Matching algorithms are based upon an assumption that the matched point and the reference

point have similar characteristics. However, traditional single channel SAR images only have
very limited information for reference in each pixel, so matching algorithms will use the statistical
properties of the neighboring pixels to select tie-points. Compared with the single polarization
SAR image, the fully polarimetric SAR image has more information contained in one pixel, which
can better represent the scattering mechanisms of the targets. Thus, for PolSAR image registration,
we can assume that the matched pixel and the reference pixel have the same polarimetric scattering
mechanisms. As PolSAR is sensitive to the structure and orientation of the targets, many different
types of target decomposition methods have been widely used to analyze the polarimetric scattering
mechanisms of the targets [36–40]. For example, the Pauli decomposition—a widely used coherent
target decomposition method for the PolSAR images—decomposes the target into three different basic
scattering mechanisms: the surface or odd-bounce contributions (pSHH ` SVVq{?

2), the double-bounce
or even-bounce contributions (pSHH ´ SVVq{?

2), and the diffuse (volume) contributions (
?

2SHV , in the
monostatic case, where SHV “ SVH). Surface contributions are mainly from point scatterers, flat surface,
or trihedral corner reflectors. The double-bounce contributions are mainly from dihedral structures
like ground–wall or ground–trunk. The diffuse (volume) contributions correspond to the statistical
distributed scatterers like the forest canopy. After vectorization, the target’s Pauli decomposition
vector can be written as in Equation (2).

Ñ
K p “

”
pSHH ` SVVq{?

2, pSHH ´ SVVq{?
2,

?
2SHV

ıT
(2)

According to the basic assumption mentioned above, we use the normalized inner product (NIP)

of the two temporal PolSAR Pauli scattering vectors
Ñ
K

1

p and
Ñ
K

2

p for each image pixel as the criteria
for matching.

δ “

ˇ̌̌̌Ñ
K

1

p ˆ Ñ
K

2

p

ˇ̌̌̌
ˇ̌̌̌ˇ̌̌̌Ñ

K
1

p

ˇ̌̌̌ˇ̌̌̌
ˆ

ˇ̌̌̌ˇ̌̌̌Ñ
K

2

p

ˇ̌̌̌ˇ̌̌̌ (3)
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The normalized inner product δ P r0, 1s measures how well the vectors
Ñ
K

1

p and
Ñ
K

2

p align linearly.
When δ “ 1, the two scattering vectors are perfectly aligned or are linearly correlated. Conversely, when
δ “ 0, the two scattering vectors are orthogonal, which means they are totally uncorrelated. For the two
calibrated PolSAR data with the same acquiring conditions, amplitudes of each polarization channel
for the same target are thought to be the same or similar. In this case, the NIP can be used to evaluate
the similarity between two scattering vectors [41]. As PolSAR images are also affected by noise, we
use the mean value xδy of the polarimetric normalized inner product (PolNIP) of the neighboring
pixels as the final correlation value. Like the traditional NCC method, offsets between the master and
slave polarimetric SAR images are estimated by the location of the peak in the PolNIP matrix. Finally,
the interpolation around the peak of the PolNIP matrix is used to achieve sub-pixel offsets.

3. Study Area and Experimental Results

In order to validate the proposed method, two L-band fully PolSAR images acquired by the Jet
Propulsion Laboratory’s Uninhabited Aerial Vehicle Synthetic Aperture Radar (UAVSAR) system
are selected. These images cover the Slumgullion landslide (37˝59130” N, 107˝15125” W) located in
the San Juan Mountains of Colorado, USA. It is reported that the Slumgullion landslide has been
moving continually for over 300 years. It is one of the most famous landslides and is an Area of
Critical Environmental Concern (ACEC) of USA. Its active part is about 3.9 km long [42], with widths
ranging from 100 m to 500 m. The ground surface elevation along the landslide is between 2750 m and
3650 m [43,44]. A number of studies and experiments have been carried out relating to this area. Many
scientists have made efforts to analyze its motion characteristics and inner mechanism. Milillo, etc.
2014 [45] used the COSMO-SkyMed Spotlight interferometry with a data acquisition interval of 24 h to
inverse the Slumgullion landslide motion. In recent years, more and more fully polarimetric SAR data
have been acquired by spaceborne and airborne SAR systems. The increasing polarimetric information
provides opportunities to improve the accuracy of displacement estimation.

The two UAVSAR PolSAR images were acquired on 19 August 2011 and 9 May 2012, respectively,
with an interval of 264 days. Table 1 lists their detailed information. According to the former GPS
surveying results, the maximum displacement in the neck area of the Slumgullion landslide can reach
about three meters during the time interval of data acquisition. In this case, it is impossible for the
traditional D-InSAR method to estimate the landslide displacement, because the displacement exceeds
the maximum detectable deformation gradient of the D-InSAR method.

Table 1. Detailed information of the UAVSAR polarimetric synthetic aperture radar (PolSAR) datasets.

Acquired Time Polarization
Pixel Spacing

(Azimuth)
Pixel Spacing

(Range)
Wavelength

2011-08-19 HH, HV, VH, and VV 0.60 m 1.67 m 23.8 cm
2012-05-09 HH, HV, VH, and VV 0.60 m 1.67 m 23.8 cm

The azimuth displacement in Figure 1a shows that there is an obvious movement along the
Slumgullion landslide, especially in its active part. The Slumgullion landslide can be simply divided
into three main parts: the upper part, the hopper and neck area, and the lower part. The upper part
indicates normal faults and tension cracks [44]. For the hopper and neck area, the elevation decreases
sharply. The lower part indicates thrust faults [44]. Due to the complex fault movement inside
the Slumgullion landslide, the range displacement (Figure 1b) shows more complex characteristics.
Figure 1c shows the 2D displacement vectors composed of the azimuth and range displacement in
Figure 1a,b. The displacement vector image presents the detailed information of the moving direction
and scale. Based on Figure 1, we produce a simplified interpretive map of the Slumgullion landslide,
as shown in Figure 2.
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Figure 1. Displacement of the Slumgullion landslide. The background is the SAR intensity image.
(a) the azimuth displacement; (b) the range displacement; (c) the 2D displacement vector.

Figure 2. Simplified interpretive map of the Slumgullion landslide map, produced based on the the
2D displacement vector image Figure 1c.
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During the time interval between these two PolSAR images, the head of the Slumgullion landslide
slid with an average rate of 1.6–2.1 mm/d. For the hopper and neck area—the narrowest part of
the landslide, which looks like a funnel-shaped stretch [44]—the sliding rate reaches the maximum
10.1–10.9 mm/d. As described in reference [42], the monitoring site (located in the hopper and
neck area) had an average velocity of 10 mm/d during the period of 12 August 2004–4 June 2006.
The landslide then grows wider and slides more slowly downward. The average displacement rate for
this area is 4.0–5.0 mm/d. More detailed landslide geological interpretations can be found in [42–44].

4. Discussion

4.1. Performance of Sub-Pixel Estimation

To analyze the sub-pixel accuracy of the proposed method, we select the confidence measure Q
introduced by Erten [31] as the criterion. The confidence measure Q is defined in Equation (4).

Q “ maxpPolNIPq ´ meanpPolNIPq
meanpPolNIPq ´ minpPolNIPq (4)

The larger the Q value, the steeper the peak of PolNIP. In the sub-pixel matching method, the best
matching position is found by maximizing the interpolation of the matching template’s correlation
surface. Thus, the precision of the sub-pixel matching position is closely correlated to the steepness
of the peak area around the estimated pixel. A larger Q value means more precise offset estimation.
We select a pixel from the active area and the stable area to compare the matching performance of
the NCC and the proposed PolNIP methods. Figure 3 shows the contour map of the interpolated
correlation surface around the estimated pixel produced by the NCC and PolNIP methods.

Figure 3. Contour map of the correlation (a) active area; (b) stable area.

In Figure 3, the contour maps of both the active area and the stable area produced by the PolNIP
method are more concentrated around the peak than that of the NCC method. As we know, the denser
the contour line, the steeper the peak, and the smaller the error of sub-pixel estimation. Therefore,
compared with the traditional NCC method, the PolNIP method can improve the accuracy of sub-pixel
matching with polarimetric information. Figure 4 shows the confidence measure (Q value) images
of the whole experimental area obtained by the NCC and the PolNIP. We can find that, in either
the moving area (along the Slumgullion landslide) or the stable area, the Q values of the PolNIP
method are larger than that of the NCC method. Furthermore, we make two statistical histograms
(Figure 5) of the Q values of these two methods. The histograms indicate that the PolNIP method has
higher confidence.
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Figure 4. Quality measure Q of the normalized cross-correlation (NCC) and the polarimetric normalized
inner product (PolNIP) methods. In reference to the SAR intensity image in Figure 1, the quality maps
show that the confidence in the shadow or water areas (the dark area in Figure 1) is much lower than
that of the other areas.

 

Figure 5. Histograms of the quality measure Q of the NCC and the PolNIP methods.

4.2. Performance of Displacement Estimation on Landslide Boundaries

The Slumgullion landslide has irregular boundaries, so the accurate estimation of the boundaries’
displacement is very important for the analysis of the structural features of the landslides. As the NCC
uses a matching window (e.g., 32 ˆ 32 pixels) to compute the normalized cross-correlation between
two images, the matching window always contains both the moving area and the stable area around
the landslide boundaries, affecting the estimation accuracy. Additionally, the size of the matching
window significantly affects the correlation value and the precision of the displacement estimation.
Figure 6 shows the estimated azimuth displacement maps produced by the NCC with HH channel
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data (top) and the PolNIP (bottom) method for the sub-area A in Figure 1 under different matching
windows. We can see that as the matching window size increases, the estimated displacements become
more accurate. The results of small matching windows contain more errors. However, results of large
matching windows for the NCC method become blurred along the boundaries of the landslide, and the
larger the matching window, the more blurred the displacement map. On the contrary, displacements
at the boundaries obtained by the proposed PolNIP method only vary a little with increasing matching
window size. Figure 7 shows the results of the range direction. Although the range resolution
(1.67 m, as shown in Table 1) is much coarser than the azimuth resolution (0.60 m), we can see that the
estimated range displacement of the NCC method is still more blurred than that of the PolNIP method.
In addition, with the increasing window size, the estimated displacement variation tendency around
the boundaries in the range direction agrees with that of the azimuth direction.

Figure 6. Estimated azimuth displacement maps of the white rectangle A in Figure 1. The displacement
maps were computed by the NCC (a–d) and the proposed PolNIP (e–h) methods under different sizes
of windows, such as 32 ˆ 12, 64 ˆ 24, 128 ˆ 48, and 160 ˆ 60 pixels. To highlight the difference of
offset estimation with these two methods, we readjust the display range to [´30, 30] cm.

Figure 8 shows the azimuth (top) and range (bottom) displacement profiles of the NCC and the
PolNIP methods with a matching window of size 128 ˆ 48 pixels. Figure 8a indicates that the NCC
and the PolNIP methods get relatively smooth curves of the azimuth displacement in the sliding area.
However, around the landslide boundaries, the curve of the PolNIP method indicates more significant
inflexion points than that of the NCC method. These inflexion points are the transition points between
the stable area and the moving area. On the contrary, the curves of the range displacement present
slight fluctuations in the sliding area. In addition, curves of the PolNIP method have significant
inflexion points.
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Figure 7. Estimated range displacement maps of the white rectangle A in Figure 1. The displacement
maps were computed by NCC (a–d) and the proposed PolNIP (e–h) methods under different sizes of
windows, such as 32 ˆ 12, 64 ˆ 24, 128 ˆ 48, and 160 ˆ 60 pixels. We also readjust the display range to
[´20, 20] cm to highlight the difference.

 

 

Figure 8. Azimuth (top) and range (bottom) displacement profiles of the white lines (P1, P2, and P3)
in Figure 6c,g and Figure 7c,g with a estimation window of size 128 ˆ 48 pixels. Blue dashed lines and
red solid lines indicate the displacement profiles of the NCC and the PolNIP methods, respectively.

To figure out why the estimation results along the landslide boundaries obtained by the NCC
method are more blurred, we plot a schematic diagram of the offsets estimation over an area containing
stable and moving pixels, as shown in Figure 9. We assume the motion area in the slave image shifts
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two pixels along the azimuth direction relative to the master image. When the matching window in
the slave image slides along the azimuth direction from s(x, ´4) to s(x, 4) (relative to the center pixel in
the master block), the fitted curve of the correlation value should have two peaks at s(x, 0) and s(x, 2),
respectively. However, as shown in Figure 10, the normalized cross-correlation value of the NCC
method is ambiguous for the peak of s(x, 2), which affects the sub-pixel accuracy offsets estimation. On
the contrary, the proposed PolNIP method can get two peaks (as shown in Figure 10)—s(x, 0) and s(x, 2),
respectively. The reason is that the adjacent pixels’ NCC value vary slightly due to similar intensity
within the matching windows. In this case, it is not beneficial for offsets estimation of landslide
boundary area. However, when the matching window slides one pixel for the PolNIP method, the
polarimetric similarity for all pairs of temporal pixels’ Pauli scattering vectors may dramatically change.
Then, the adjacent pixels’ PolNIP values have larger difference, which is beneficial for the location of a
local peak for the fitted curve.

Figure 9. Schematic diagram for the offsets estimation of the NCC method over an area containing
stable and moving pixels.

Figure 10. Fitted curve of the correlation value of the NCC method (the blue dashed line) and the
PolNIP method (the red solid line).
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5. Conclusions

Based on the assumption that different ground objects can be distinguished by their polarimetric
scattering properties, a new correlation measure based on fully PolSAR images for offset tracking
method has been proposed for landslide displacement estimation. We apply it to the Slumgullion
landslide displacement monitoring. The results show that from 19 August 2011 to 9 May 2012,
the sliding velocity in different parts of the Slumgullion landslide ranged between 1.6–10.9 mm/d,
which is consistent with former publications [42–44,46]. Compared with in-situ and GPS observations
in the former publications, the landslide displacement maps produced by the proposed method have
higher spatial resolution, which is beneficial for geologists in interpreting the formation activity of the
Slumgullion landslide.

The proposed method has been evaluated on two aspects. One is the performance analysis on
sub-pixel displacement estimation. A confidence measure (Q) was used to estimate the quality of
the sub-pixel estimation. The value of Q calculated by the proposed method is about twice that
of the NCC method. The other aspect is the performance analysis of displacement estimation on
landslide boundaries. The matching window of the NCC method always contains both moving area
and stable area around the landslide boundaries, which affects the displacement estimation accuracy.
In addition, with the increasing size of matching windows, the azimuth and range displacements at
the landslide boundaries estimated by the NCC method become more blurred. This means that
the matching windows contain some areas with different moving characteristics, especially for
the landslide boundaries. However, the proposed PolNIP method uses each pixel’s polarimetric
information to partly reduce the effect of hybrid moving characteristics within the matching windows.
The results of the proposed PolNIP method contain more detailed displacement information about the
landslide boundaries. However, like the NCC method, the performance of the PolNIP method also
depends on image resolution. In our experiments, we use high resolution PolSAR data, which makes
it possible to use offset tracking method for monitoring of the landslide displacement. For medium
resolution SAR data (e.g., Sentinel-1), the method will not deliver comparable results.
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Abstract: Pi-SAR-L2 full polarimetic data observed in four different observational directions over
a landslide area on Izu Oshima Island, induced by Typhoon Wipha on 16 October 2013, were
analyzed to clarify the most appropriate L-band full polarimetric parameters and observational
direction to detect a landslide area. Japanese airborne Pi-SAR-L2 and PiSAR-L data were used in
this analysis. Several L-band full polarimetric parameters, including backscattering coefficient
(σ˝), coherence between two polarimetric states, four-component decomposition parameters
(double-bounce/volume/surface/helix scattering), and eigenvalue decomposition parameters
(entropy/α/anisotropy), were calculated to determine the most appropriate parameters for detecting
landslide areas. The change in land cover from forest before the disaster to bare soil after the disaster
was detected well by α, and coherence between HH and VV. Observational data from the bottom to
the top of the landslide detected the landslide well, whereas observations from the opposite sides
were not as useful, indicating that a smaller local incident angle is better to distinguish landslide
and forested areas. Soil from the landslide intruded into the urban areas; however, none of the full
polarimetric parameters showed any significant differences between the landslide-affected urban
areas after the disaster and unaffected areas before the disaster.

Keywords: polarimetry; disaster; L-band SAR

1. Introduction

Full polarimetric SAR data are capable of identifying radar scattering mechanisms on the ground,
and they have been used to estimate land cover class by connecting the radar backscattering mechanism
to the land cover condition both by day and by night in all weather conditions. Such characteristics
make these data applicable to the detection of a disaster area, especially for emergency observations
made soon after a disaster happens. Watanabe et al. [1] used Japanese L-band satellite SAR (PALSAR;
Phased Array type L-band Synthetic Aperture Radar) full polarimetric data to detect landslide areas
induced by the Iwate-Miyagi Nairuku earthquake of 2008, using the surface scattering component
of a three-component decomposition model. Furthermore, σ˝

HV has also been used to distinguish
landslide areas with rough surfaces from other surface scattering areas, such as pastures and vacant
pieces of land with smooth surfaces.

Polarimetric decomposition analysis was conducted on the data before and after a landslide event
with ALOS PALSAR data [2]. For the detection of landslides areas, 30-m resolution full polarimetric
data using unsupervised classification based on the Entropy-α plane are more useful than 10-m
resolution single-polarization data. Czuchlewski et al. [3] use L-band airborne SAR polarimetry data,
and identify the extent of the landslide, using scattering entropy, anisotropy, and pedestal height. They
also pointed out that one post-event single polarized SAR image is insufficient for distinguishing and
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mapping landslides. Rodriguez et al. [4] use L-band airborne SAR polarimetry data, and show the
landslide scar areas are dominated by single-bounce scattering and the surrounding forested regions
are dominated by volume scattering. Radar vegetation index, pedestal height, and entropy are used to
identify forest, to separate the landslide area. Shimada et al. [5] used Japanese L-band airborne SAR
(Pi-SAR-L2; Polarimetric and Interferometric Airborne Synthetic Aperture Radar L2) data to show that
the change of land cover from forest before a disaster to bare soil after a disaster was detected well by
the polarimetric coherence between HH and VV (γ(HH)-(VV)). Shibayama et al. [6] confirm the usefulness
of γ(HH)-(VV) for detecting a landslide. They also pointed out that in landslide areas, the polarimetric
indices of normalized surface scattering power (ps), normalized volume scattering power (pv), and
γ(HH)-(VV) change drastically with the local incidence angle, whereas in forested areas, these indices
are stable, regardless of the change in the local incidence angle. Several full polarimetric parameters
have been suggested to detect a landslide area since now. In this study, airborne full polarimetric
L-band SAR data, obtained both before and after a landslide event, were used to determine the most
appropriate full polarimetric parameters and observation direction for identifying an area affected by
a landslide induced by heavy rain. The data used in our analysis are unique for two reasons:

(1) hey comprise full polarimetric data observed just after the disaster (landslide).
(2) They were observed from four different observational directions at the same time after the disaster.

One of the directions was also observed before the disaster.

To generalize our method, simple radar scattering models from rough surface were applied, as
discussed in Section 4. The models were evaluated for two sites using three different local incident
angles with two polarizations, simultaneously, which has rarely been undertaken for a landslide area.

2. Pi-SAR-L2 Data and Field Experiment

On 16 October 2013, Typhoon Wipha struck Izu Oshima Island, which is located 100 km south of
Tokyo (Figure 1), generating a rainfall rate that was recorded at 122.5 mm/h. This heavy rain induced
a large-scale landslide that affected an area of 1.14 million m2 and led to 39 people being killed or
missing. The Geospatial Information Authority of Japan (GSI) used aerial photographs taken after
the disaster to produce a landslide map [7], and the main landslide areas are identified in Figure 2.
The locations of many landslides can be observed in the mountain area, and some material displaced
by the landslides intruded into residential areas. These data were used as the validation data.

The study area was observed before and after the disaster using Japanese airborne SAR (Pi-SAR-L
and Pi-SAR-L2) (Table 1). The Pi-SAR-L2 observations were acquired in four different observational
directions (L203201–L203204, Figure 1) six days after the disaster. The time required for the four
flights was about one hour. Before the disaster, one Pi-SAR-L observation (L03801) had been made
on 30 August 2000, in the same observational direction as L203201. Three of the four data (L203201,
L203202, and L203203) were used to determine the parameters and directions most appropriate for
detecting landslide areas. L203204 was not used, because its configuration (incident and azimuth
angles to the landslide area) is almost same as L203202 data. These parameters for detecting
landslide areas included backscattering coefficient (σ˝), polarimetric coherence (γ), eigenvalue
decomposition [8], and four-component decomposition parameters [9]. The γ is calculated from
the correlation between two polarimetric states (HH-HV-VV base, (HH+VV)-(HH-VV)-(HV) base).
The eigenvalue decomposition parameters consist of entropy/α/anisotropy, and they were obtained
using PolSARPro [10]. Entropy represents the randomness of a scatterer, α represents the scattering
mechanism (0˝ for surface scattering, 45˝ for dipole scattering or single scattering by a cloud of
anisotropic particles, and 90˝ for double-bounce scattering), and anisotropy represents the relative
importance of the second and the third eigenvalues. The four-component decomposition parameters
(double-bounce/volume/surface/helix scattering) are related to surface, volume, double-bounce, and
helix scattering components on the earth’s surface, and they were obtained using a program of our
own making. The processing window size for calculating the parameters was 7 ˆ 7 pixels.
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Figure 1. After the landslide: configuration of Pi-SAR-L2 observations performed using four different
observational directions (L203201–L203204) on 22 October 2013. Before the landslide: Pi-SAR-L
observation (L03801) performed using same flight course as L203201 on 30 August 2000.

Figure 2. Optical image of the disaster area. Red polygon represents the landslide map, produced by
GSI [8]. (a) Before the disaster (1 June 2010); (b) after the disaster (17 October 2013). The green line
indicates the border between forest and other areas obtained from GSI, and the light blue polygon
represents the field experiment sites.

Table 1. Specification of Pi-SAR and Pi-SAR-L2.

Items Pi-SAR Pi-SAR-L2

Band width 50 MHz 85 MHz
Sampling frequency 61.275 MHz 100 MHz

Operation height 6–12 km 6–12 km
Spatial resolution (slant) 2.5 m 1.76 m

Spatial resolution (azimuth, 4look *) 3.2 m 3.2 m
Noise equivalent sigma zero ´30 dB ´35 dB

Incidence angle 10~60 deg. 10–62 deg.
Polarimetry full full

Power 3.5 KW 3.5 KW

* Number of multi-look.
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A forest area map, obtained from the national land numerical information download service
managed by GSI (Figure 2), was used to identify the forest area before the disaster [11]. Field
experiments were performed on 23 and 24 March 2015. The value of σ˝ obtained from bare soil
is determined from the surface roughness, dielectric constant of the soil (equivalent to the volumetric
soil moisture, Mv), and local incident angle. The parameter Mv was not measured in the field
experiments because its value was different from that when the Pi-SAR-L2 observation was performed.
However, surface roughness does not change much, if there is no disturbance. It was measured using
a needle profiler at two sites (Sites 1 and 2, Figure 2) within the landslide area to evaluate the radar
backscattering from bare soil (Figure 3). The red points shown in the photos were used to evaluate the
surface roughness (s) and correlation length (l) normalized by wave number k (e.g., ks and kl). Site 1
was a slightly rough surface covered by soil with a slope of 5˝, for which ks and kl were evaluated as
0.38 and 6.17, respectively. Site 2 was a rough surface covered by soil and volcanic rocks with a slope
of 20˝, for which the values of ks and kl were determined as 1.85 and 5.03, respectively.

Figure 3. Site photos with a needle profiler. (a) Site 1; (b) Site 2.

There are three well known and simple surface scattering models. The first of these is the small
perturbation model (SPM) [12], which is valid for smooth surfaces (ks < 0.3). The second, the physical
optics model (POM) [13], is valid for slightly rough surfaces within the parameter ranges Mv < 0.25,
l2 > 2.76¨ sλ, and kl > 6. The third, the geometric optics model (GOM) [13], is valid for rough surfaces
and predicts that σ˝

HH = σ˝
VV at all incidence angles; this model is valid within the parameter ranges

kl > 6, l2 > 2.76¨ sλ, and ks¨ cosθ > 1.5. The POM [13] is valid for Site 1, and is described by:

σ0
pppθq “ k2cos2θΓp pθq ¨ exp

”
´ p2ks cosθq2

ı 8ÿ
n“1

p2ks cosθq2n

n!
I (1)

Iexponential “ nl2”
n2 ` 2 pklsinθq2

ı3{2
(2)

In these equations, Γ(θ,ε) represents the Fresnel reflection coefficient, p represents the polarization
(h or v), pp represents any combination of h and v, such as hh, hv, vh, vv, l is the correlation length, θ is
the local incident angle, and ε is the relative dielectric constant, which is related to the soil moisture.
The GOM [13] is almost valid for Site 2, and described by:

σ0
pppθq “ Γ p0q exp2 `´tan2θ{2m2˘

2m2cos4θ
(3)

Γ p0q “ 1 ´ ?
ε

1 ` ?
ε

(4)

where m is the surface slope and represented by
?

2s{l.
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These models and parameters obtained in the field experiment were used to evaluate the observed
σ˝ in Section 4.

3. Results

3.1. Landslide Area Detection with Full Polarimetric Parameters

The four-component decomposition image obtained by Pi-SAR-L2 (ID: L203201) is presented in
Figure 4. Maximum and minimum digital number values for each four-component decomposition
parameter were assigned to values of 0 and 255 in the RGB scale. The actual landslide is represented by
the blue color, indicating that surface scattering is dominant. However, similar surface scattering can
also be observed near the top of Mt. Mihara, the volcanic mountain located in the center of the island.
The same situation was also observed for the other parameters (entropy, α, polarimetric coherence
between (HH+VV) and (HH´VV) (γ(HH+VV)-(HH´VV)), γHH-VV), and two of the representative
parameters, γ(HH+VV)-(HH´VV), and α are shown in Figure 5a,c.

The differences in these parameters before and after the disaster (Δγ(HH+VV)-(HH´VV), Δα) can
be established by visual inspection (Figure 5b,d). It can be seen that the Δγ(HH+VV)-(HH´VV) shows
differences for both the landslide area and the top of the mountain, where no landslide occurred,
whereas Δα shows differences in the landslide area only. This indicates that α is better than
γ(HH+VV)-(HH´VV) for detecting landslide areas in large scale images. Two other parameters (Δγ(HH)-(VV)
and Δentropy) also showed the same characteristics as Δα; however, four-component decomposition
parameters (Δσ˝

Double, Δσ˝
Volume, Δσ˝

Surface, Δσ˝
Helix in digital numbers), Δσ˝ (in digital number, and

Δanisotropy, showed differences not only for the landslide area, but also the bare soil area, where no
landslide occurred. The visual interpretation revealed that entropy, α, and γHH-VV were the prospective
parameters for the detection of landslide areas from large scale images.

Figure 4. Four-component decomposition image obtained by Pi-SAR-L2 (ID: L203201, R:
Double-bounce scattering G: Volume scattering B: Surface scattering). The main landslide area is
surrounded by the red rectangle. The field experiment sites are represented by red circles.
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Figure 5. Full polarimetric parameters after the disaster and the difference between before and after
the disaster. (a) γ(HH+VV)-(HH´VV); (b) Δγ(HH+VV)-(HH´VV); (c) α; and (d) Δα.

The user’s and producer’s accuracies (Story and Congalton, [14]) for entropy, α, and γHH-VV were
evaluated from the error matrices to estimate the classification accuracy for detecting the landslide
areas shown in the red rectangle in Figure 5. Threshold levels were estimated from a cross-over
point obtained from the histogram of the landslide and non-landslide areas for each parameter.
The classification was conducted based on the threshold level. Two classes (landslide and no
landslide) have been set, and classification accuracy for the case using parameters obtained after
the disaster, and the case using the difference in the parameter values before and after the disaster
are evaluated. The results are summarized in Table 2. User accuracy is a measure indicating the
probability that a pixel is grouped into Class A, given that the classifier has labeled the pixel as
belonging to Class A. The producer accuracy is a measure indicating the probability that the classifier
has labeled an image pixel as belonging to Class A, given that the ground truth is Class A. The
accuracies for γ(HH+VV)-(HH´VV) are also shown in the same table for reference. When the data before
and after the disaster were used, the values of Δα and ΔγHH-VV show user’s accuracies of about
58.7%–60.9% and producer’s accuracies of about 33.8%–35.8%. The producer’s accuracies are better
than those of 25.9%–26.8% for Δentropy and Δγ(HH+VV)-(HH´VV). The accuracies are almost the same
as those achieved when using parameters obtained after the disaster, i.e., the values of α and γHH-VV

show user’s accuracies of about 59.5%–61.8% and producer’s accuracies of about 34.0%–38.4%. The
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producer’s accuracies of about 11.7%–11.8% for entropy and γ(HH+VV)-(HH´VV) obtained after the
disaster are 14.2%–15% lower than Δentropy and Δγ(HH+VV)-(HH´VV). This may be due to the poor
classification accuracy between a forest and landslide areas in these parameters.

The landslide area detection was performed for the forest area before the landslide using the
forest map and the results are also presented in Table 2. Producer’s accuracies are especially improved,
and the accuracy changes from 35.8% to 52.2% for the α parameter (improved by 16.4%), and from
33.8% to 49.5% for the γ(HH)-(VV) parameters (improved by 15.7%).

Table 2. User’s and producer’s accuracies for detecting landslide areas using full polarimetric parameters.

Area
Full Polarimetric

Parameters

Using Parameters Obtained
after the Disaster

Using the Difference in the
Parameter Values before and

after the Disaster

User’s
Accuracy (%)

Producer’s
Accuracy (%)

User’s
Accuracy (%)

Producer’s
Accuracy (%)

All areas near the
landslide

α 61.8 38.4 60.9 35.8
γ(HH)-(VV) 59.5 34.0 58.7 33.8
Entropy 47.7 11.8 58.0 26.8

γ(HH+VV)-(HH´VV) 50.5 11.7 57.3 25.9

Forest areas before the
landslide identified.

α 66.7 52.1 64.8 52.2
γHH-VV 65.0 54.6 64.3 49.5

3.2. Landslide Area Detection in Three Different Observational Directions

The entropy, α, and anisotropy obtained from the three different observational directions (L203201,
L203202, and L203203) with the forest mask, where only the forest area is picked up, are presented in
Figure 6. The main landslide area is delineated by the red rectangle. The forest area is indicated as
the yellow area and the blue area represents the bare soil area, which also indicates the landslide area.
A visual inspection reveals that the landslide area is detected well in L203201, wherein observations
are made from the bottom to the top of the landslide, whereas the clarity is lower in L203203, with
observations made from the top to the bottom of the landslide.

 

Figure 6. (a–c) entropy, α, and anisotropy obtained from three different observational directions.
The landslide area used for validation [7] is shown by red lines in (a). The field experiment sites are
represented by light blue circles.

259



Remote Sens. 2016, 8, 282

The α and γ(HH)-(VV) values derived from L203201 and L203203 are presented in Table 3 for Site 1,
Site 2, and a forest near Site 2. The values obtained from L203202 lie between those for L203201 and
L203203 and have been omitted from the table. Small directional dependency can be observed for
Site 1, because the slope is 5˝. Small directional dependency is also observed for the forest area near
Site 2, because random scattering in the forest canopy induces less directional dependency. However,
relatively larger directional dependency can be observed for Site 2, because the slope is 20˝.

Table 3. α and γ(HH)-(VV) values derived from L203201 and 203203 after the disaster.

α γ(HH)-(VV) γ(HH+VV)-(HH´VV)

Mean St. dev. Diff. Mean St. dev. Diff. Mean St. dev. Diff.

Site 1
L203201 33.1 2.6 ´0.1

0.70 0.05
0.06

0.50 0.09
0.11L203203 33.2 5.4 0.64 0.11 0.39 0.10

Site 2
L203201 31.7 2.2 ´12.3

0.77 0.05
0.32

0.61 0.07
0.27L203203 44.0 4.1 0.45 0.14 0.33 0.13

Forest near Site 2
L203201 49.7 2.1

1.6
0.34 0.08 ´0.01 0.26 0.08

0.03L203203 48.1 2.5 0.35 0.08 0.23 0.08

Histograms of α for Site 2 and the forest near Site 2 are compared to examine the detectability of the
landslide area in a forested region; the results are presented in Figure 7. The histograms for the forested
area shows same for L203201 and L203203, indicating there is no local incident angle dependency.
On the other hand, the histograms for the landslide area shows difference, indicating the local incident
angle dependency. The results are consistent with the one obtained by Shibayama et al. [6]. The α value
from landslide area in L203201 is clearly different from the value obtained from the forest, whereas
the α value from landslide area in L203203 overlaps that from the forest. Some of the landslide area
is misclassified as forest, which reduces the classification accuracy in L203203. The same pattern is
observed for the γ(HH)-(VV) case. This indicates that a smaller local incident angle is better to distinguish
landslide and forested areas.

The user’s and producer’s accuracies for detecting the landslide areas based on the different
observational directions by α are summarized in Table 4. L203201 shows good accuracy with user’s
and producer’s accuracies of 66.7% and 52.1%, respectively. L203203 shows the worst accuracy with
user’s and producer’s accuracies of 59.1% and 16.4%, respectively, as was expected from the visual
inspection in Figure 6.

Figure 7. Histogram of α for Site 2 and a forest near Site 2.

Table 4. User’s and producer’s accuracies for detecting landslide areas based on different
observational directions.

L203201 L203202 L203203

Accuracy (%) User’s 66.7 60.3 59.1
Producer’s 52.1 27.3 16.4
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4. Discussion

The accuracy of detection of the landslide area was improved when the forest area was picked
up. The landslide area is picked up and shows the difference of entropy/α/anisotropy only before
and after the disaster in Figure 8. Maximum and minimum values for each parameter are assigned
to values of 0 and 255 in the RGB scale. Yellow areas seen in the upper right of Figure 8 indicate the
significant change in entropy and α before and after the disaster. To a large extent, this area changed
from forest to bare soil after the landslide. However, significant parameter change is not observed in
the upper-left area of Figure 8. This is the residential area, which changed from a normal residential
area before the disaster to a residential area with mud induced by the landslide after the disaster.
No significant change could be detected by the full polarimetric parameters in this area. There are
other areas without significant parameter change, such as in the lower right of Figure 8. Here, there
are many narrow valleys and layover/shadowing might prevent any significant change in the full
polarimetric parameters in this region. An outline of the detection accuracy by using ΔγHH-VV and
Δα is presented in Figure 9. The misidentification of the residential area and the narrow valleys
result in a low producer’s accuracy of 33.8%–35.8%. On the other hand, the higher user’s accuracy of
58.7%–60.9% is due to the detection of the change from forested area to landslide area.

-
Figure 8. The difference in entropy/α/anisotropy before and after the disaster for the landslide area.
Red: Δentropy Green: Δα Blue: Δanisotropy.

γ(HH+VV)-(HH´VV) for the landslide area is lower than γ(HH)-(VV) (Table 3). Very little double-bounce
scattering, indicated by HH´VV component, is expected from the landslide area, and this led to the
smaller γ(HH+VV)-(HH´VV). Since a smaller γ(HH+VV)-(HH´VV) indicates a smaller Δγ(HH+VV)-(HH´VV)
between the landslide and forested area, detection accuracy for the γ(HH+VV)-(HH´VV) parameter is lower
than that for the γ(HH)-(VV) parameter. The γ(HH+VV)-(HH´VV) parameter highlights changes at the
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top of Mt. Mihara (Figure 5b). Small changes in vegetation and soil moisture are expected between
the August and October observations; γ(HH+VV)-(HH´VV) may be sensitive to such changes, unlike
γ(HH)-(VV) and α.

Figure 9. An outline of the detection accuracy using ΔγHH-VV and Δα.

The accuracy is almost the same when using α and γ(HH)-(VV) after the disaster, and using the
difference between α and γ(HH)-(VV) before and after the disaster. This indicates that α and γ(HH)-(VV)
are good parameters to distinguish forest and bare soil areas. This is also supported by the accuracy
improvement after the forest area is identified. The α and γ(HH)-(VV) obtained before the disaster are
essential for distinguishing between areas of bare soil before the disaster and landslides induced by
the disaster, and between bare soil and forest.

The values of σ˝ obtained from Pi-SAR-L2 and estimated from theoretical models are plotted
against the local incident angle in Figure 10. The L203201, L203202, and L203203 observations
correspond to the minimum, median, and maximum local incident angle plots in the figure. Pi-SAR-L2
observations were performed six days after the disaster, and the value of Mv is assumed as 100% for
Site 1. The values of σ˝ obtained from Pi-SAR-L2 show the same pattern against the local incident
angle, but with an offset of a few dB from the POM. If the value of ks was not 0.38 (measured on site),
it was assumed as 0.5, and the model describes the data obtained from the three different local incident
angles well. There was a 1.5-year interval between the Pi-SAR-L2 observations and surface roughness
measurements and, thus, changes of 30% in the smoothness of the surface during that period could
account for the difference of a few dB in the σ˝ values. The GOM works well for Site 2 if Mv = 25% is
assumed, except for the L203202 data. The dielectric constant of volcanic rock, which partly covers the
surface of Site 2, is generally 5–10, and this corresponds to an Mv of 8%–18.8%. The assumption of
Mv = 25% could be explained by the mixture of the rock and soil. At Site 2, a few larger rocks could
not be characterized by the surface roughness measurements and the shadowing of these rocks might
unexpectedly have affected the values of σ˝ for the L203202 observations. However, the values of σ˝
observed for the landslide areas are represented moderately by the simple surface scattering models.
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Figure 10. σ˝ obtained from Pi-SAR-L2 and estimated from theoretical models.

5. Conclusions

Pi-SAR-L2 full polarimetric data observed in four different observational directions over
a landslide area were analyzed to clarify the most appropriate L-band full polarimetric parameters
and observational direction to detect a landslide area. Data from one Pi-SAR-L observation performed
before the disaster occurred were also used in this analysis. A summary of the preferable parameters
to detect the landslide area was added in Table 5.

When the data before and after the disaster were used, the Δα and ΔγHH-VV showed user’s
accuracies of about 58.7%–60.9% and producer’s accuracies of 33.8%–35.8%, indicating better
performance than the other parameters, such as the four-component decomposition parameters
(Δσ˝

Double, Δσ˝
Volume, Δσ˝

Surface, and Δσ˝
Helix), Δσ˝, Δγ(HH+VV)-(HH´VV), Δentropy, and Δanisotropy.

Other two knowledge obtained from our analysis are:

� The detection accuracy is almost the same when using the parameters after the disaster, and
using the difference between the parameters before and after the disaster.

� Producer’s accuracies are improved, and the accuracy changes from 35.8% to 52.2% for the α

parameter (improved by 16.4%), and from 33.8% to 49.5% for the γ(HH)-(VV) parameters (improved
by 15.7%), when evaluated by the α and γ(HH)-(VV) parameters, if the forested area before the
disaster is identified.

Table 5. Summary for the preferable parameters to detect landslide area.

Parameters Local Incident Angle
Land Cover Change

ForestÑLandslide
Residential areaÑResidential Area

with Mud Induced by the Landslide

α, γHH-VV

Low Good

Not good.
Ó Ó

High Moderate

Entropy, σ˝
Surface,

γ(HH+VV)-(HH´VV)
All Moderate

σ˝
Double, σ˝

Volume,
σ˝

Helix, σ˝, Anisotropy All Not good
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However, the land cover change from the residential area before the disaster to the residential
area with mud induced by the landslide after the disaster could not be detected by the full
polarimetric parameters.

The landslide area was clearly identifiable using data observed from the bottom of the landslide
to the top. The clarity was degraded when using data observed from the top of the landslide to the
bottom, indicating that smaller local incident angle is better to distinguish landslide and forested area.
The observed σ˝ for the landslide areas was moderately represented using two simple models: the
POM for slightly rough surfaces, and the GOM for rough surfaces.

The α and γHH-VV obtained from full polarimetric L-band SAR data are capable of identifying
landslides, which is especially useful for emergency observations taken just after a disaster
occurs; however, the parameters only detect the change from forest cover to bare soil. None of
the representative full polarimetric parameters showed any significant differences between the
landslide-affected urban areas after the disaster and unaffected areas before the disaster. The α

and γ(HH)-(VV) obtained before the disaster are essential for distinguishing between areas of bare soil
before the disaster and landslides induced by the disaster.
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Abstract: This paper deals with the application of Unmanned Aerial Vehicles (UAV) techniques and
high resolution photogrammetry to study the evolution of a landslide affecting olive groves. The last
decade has seen an extensive use of UAV, a technology in clear progression in many environmental
applications like landslide research. The methodology starts with the execution of UAV flights
to acquire very high resolution images, which are oriented and georeferenced by means of aerial
triangulation, bundle block adjustment and Structure from Motion (SfM) techniques, using ground
control points (GCPs) as well as points transferred between flights. After Digital Surface Models
(DSMs) and orthophotographs were obtained, both differential models and displacements at DSM
check points between campaigns were calculated. Vertical and horizontal displacements in the range
of a few decimeters to several meters were respectively measured. Finally, as the landslide occurred
in an olive grove which presents a regular pattern, a semi-automatic approach to identifying and
determining horizontal displacements between olive tree centroids was also developed. In conclusion,
the study shows that landslide monitoring can be carried out with the required accuracy—in the
order of 0.10 to 0.15 m—by means of the combination of non-invasive techniques such as UAV,
photogrammetry and geographic information system (GIS).

Keywords: Unmanned Aerial Vehicle (UAV); photogrammetric techniques; Structure from Motion
(SfM); landslide evolution; olive grove

1. Introduction

Remote sensing and geographic information system (GIS) techniques are basic landslide analysis
tools [1] which give us the possibility of studying areas of different size and scale with adequate
resolution and accuracy, as well as the ability to develop 3D and multi-temporal approaches.
These techniques range from space remote sensing, in optical spectrum or Differential Synthetic
Aperture Radar Interferometry (DInSAR) [2,3], to airborne photogrammetry and/or Light Detection
and Ranging (LiDAR), which are frequently integrated. The selection of the appropriate technique
depends on the scale and spatial resolution, the typology and evolution of the area and the availability
of data.

In the case of medium to high resolution studies, with landslides of a diachronic evolution in
which processes of reactivation separated in time take place [4,5], aerial photogrammetric techniques
are very suitable and therefore their use is increasingly widespread [5–17], sometimes combined
with LiDAR [5,10,12,16] or global navigation satellite system (GNSS) techniques [8]. In these
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studies, the image block orientation is based on conventional aerial triangulation techniques and
bundle adjustment, using a reduced number of ground control points (GCP) measured with global
navigation satellite system (GNSS) techniques [18]. After image orientation, Digital Terrain Models
(DTMs) or Digital Surface Models (DSMs, terrain plus the objects on it, both natural and artificial)
are calculated using automatic matching techniques. Based on models from successive epochs,
some quantitative approaches such as differential DSM/DTMs between campaigns, topographic
profiles and volumetric calculations are addressed in practically all these studies; furthermore, in some
of them, 3D displacement vectors are calculated [6–8,11,15] and also observations for qualitative
characterization of movements are made [5,6,8,10,13,14,16].

On very high resolution studies, the last decade has seen an extensive use of Unmanned Aerial
Vehicles (UAV), a technology in clear progression in many environmental applications. The use of UAVs
or Remotely Piloted Aircraft Systems (RPAS), has recently been expanded to civil applications [19,20]
including precision agriculture [21,22], civil protection and fires [23], and more recently to engineering,
environmental sciences and surveying [24]. The present extensive use of UAVs has been stimulated
by falling prices, the increasing miniaturization and improved performance of these systems, the
recent developments with respect to GNSS and inertial systems, advances in autopilot guiding, etc.
The current state of applicability is also due to the use of new algorithms in computer vision. Indeed,
a new generation of low cost instruments and user-friendly photogrammetric software based on dense
matching and Structure from Motion (SfM) approaches [25,26] has also contributed to this dramatic
increase of UAV applications in environmental and Earth sciences.

In landslide research, different types of UAVs and methodologies have been used.
Heavy equipment, usually fixed-wing drones [27–31], but also helicopters, has been employed in high
resolution studies. However, in most cases, light equipment such as multi-copters [32–46] has been
employed in very high resolution studies.

UAVs have been used in preliminary studies supporting other techniques such as remote
sensing from satellites [47–49], photogrammetry from historical flights [27,29,31,39–41] and airborne
LiDAR [31]. They have also been applied to inventory data collection studies by means of photo
interpretation [49,50], change analysis [27] and object-oriented analysis [30], as well as the study
of the effects of catastrophic events [51]. In some cases, the aim of the study is the elaboration
of susceptibility and stability maps [33,48,49] and the assessment of the exposure of buildings or
infrastructure to landslide risk [33], but in other cases, the UAV techniques are integrated as subsystems
for observation, material transport and rescue services in larger systems of quick response to emergency
events [29,49,52,53].

Many approaches are based on the development of DSM/DTMs [30–45] and
orthophotographs [27–45]. In most cases, the starting point are flights oriented by aerial triangulation,
based on ground control points (GCP) measured with GNSS [30–32,34–41] or registered from previous
photogrammetric [29] or LiDAR models [31,39]. Structure from Motion (SfM) methods have also been
tested [26,34–41,43]. While direct orientation from in-flight parameters (GNSS/INS) is routinely used
in conventional aerial photogrammetry, such direct orientation techniques are not usually possible
with present micro-UAVs when absolute orientation accuracy is a critical factor, although some
experiments for direct orientation without GCP have also been undertaken [26,29,46].

DTMs or, alternatively, DSMs are frequently used to obtain differential models for estimating
the vertical displacements of the terrain surface [30,31,34–41,45] and for volumetric calculations and
profiles [31]. Although DSMs introduce errors and uncertainties in terrain surface calculations, most
authors use these models due to the difficulties in obtaining true DTMs from photogrammetric point
clouds [34–41,45], as in areas covered by dense vegetation. In other cases, the analysis of these models
of very high resolution allows the automatic detection of scarps and other features of landslides [43].

Orthophotographs—besides being used for landslide inventories, as in the aforementioned
studies—allow the calculation of the horizontal displacements between significant points with great
accuracy, given their high resolution [30,34–36,39–41,45]. In some studies, methods and algorithms
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for the automatic detection of movements of the terrain surface from the orthoimages have been
proposed, as well as techniques of image co-registration [30,37,38,42]. Finally, some authors have
used orthoimages for textural analysis of the fissures formed in the landslides [36] and to determine
vegetation indices such as GVI (Green Vegetation Index) for purposes of land classification or landslide
inventory [27,30].

Moreover, when the measurement and monitoring of terrain deformation is the aim, analyses
of the positional accuracy of the results have to be conducted. These studies can be carried out
by means of error analysis of the GCPs (error propagation, distribution of points, field GNSS
measurements, etc.) as well as the analysis of the resultant products such as DSM/DTMs or
orthophotographs [26,28,31,32,34,41,42,45]. Generally, satisfactory results can be achieved, similar
to those calculated with conventional aerial photogrammetry [29,44].

This paper deals with the use of UAV techniques for very high accuracy and resolution field
data collection. Present UAVs allow fast, low cost and effective data acquisition. The study case is
a multi-temporal analysis of an earth flow affecting an olive grove. Autopilot guiding missions allowed
the acquisition of blocks of high overlapping stereo-models, which led to the detailed observation and
mapping of terrain features. Furthermore, analysis from DSMs and orthophotographs could be carried
out by comparing surfaces (differential DSMs) or measuring displacements between points. Given the
difficulties of automatic identification and matching of points between multi-temporal images due to
changes in vegetation, sun illumination and the landslide movement itself, the points were selected
manually, but an approach was also tested for the semi-automatic calculation of displacements of the
olive trees that cover most of the study area.

2. Study Area and Landslides

The area is located in an olive grove on a hillslope with a moderate gradient of 15% (5◦ to 20◦)
above the A-44 highway in La Guardia de Jaén, Southern Spain (Figure 1a,b). In this area there are
many landslide indications [54], most of them corresponding to mud or earth flows [55,56], such as
the study case of this paper, although slide-type movements have also been identified (Figure 1c).
Some of these have been studied by means of photogrammetric and LiDAR techniques [57], but also
with UAVs [39–41]. The study movement occurred as a result of the heavy rains of winter 2012–2013,
and had an approximate extension of 500 m length, 50–150 m width and a height difference of 80 m.
The landslide seriously affected the roads in the area (Figures 1c and 2).

The study area is located on the geological Guadalquivir Units [58] (Figure 1d), a set of materials
with a complex structure and diverse lithology, in which the following formations predominate: Triassic
evaporites and shales, Cretaceous-Paleogene marls and clays (from the Subbetic Units), and Miocene
loamy-clay sediments belonging to the Guadalquivir basin. In this area, the Guadalquivir Units are
overthrusted by Intermediate Betic Units represented by thick stratigraphic successions of folded
Middle Jurassic limestones [59,60], which form a prominent relief. This thrust is affected by normal
faults with a NNW-SSE direction. Both types of tectonic structures present geomorphological and
seismic evidence of recent activity [61,62], which may be related to the regional uplift and subsequent
slope instability processes. The contact is dotted with small alluvial fans, thick piedmont deposits
and travertines. Travertines are associated with springs at the foot of the Jurassic limestones. Most of
the travertine areas are involved in old movements, indicating a direct relationship between them
and the springs. In the study case, travertine crusts were observed over the clays and loams, showing
a continuous water discharge [39–41].
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Figure 1. Geographical location and geological setting: (a) Geographical location; (b) Landslide;
(c) Landslide evidence in the surrounding area (taken from our own study) [54]; (d) Geological setting
(taken from the Geological Map of Spain at scale 1:50,000) [59]. Coordinates are in ETRS89-UTM-30.

269



Remote Sens. 2016, 8, 837

 

Figure 2. Landslide and affected roads: (a) Landslide general view; (b) Landslide head and the road
JA-3200 interrupted; (c) Road JA-3200 after repair work; (d) Temporary road affected by an incipient
unstable zone at the north of main landslide; (e) Landslide foot and affected access road to highway.

3. Materials and Methods

The methodology was based on digital photogrammetry techniques, used in previous studies
by the authors [5,9,16,17], although with some variants due to the use of a UAV [39–41] and the
semi-automatic method developed to recognize common points (olive trees) between flights in order
to measure displacements. The methodology can be summarized in the following steps that will be
explained in Figure 3 and the next sections:

1. Data capture: UAV equipment, mission planning and execution of the flights.
2. Georeferencing and flight orientation.
3. DSM, DTM and orthophotograph generation.
4. Comparison between observation campaigns: Measurement of displacements.
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Figure 3. Methodology flow chart.

3.1. Data Capture: Unmanned Aerial Vehicle (UAV) Equipment, Mission Planning and Execution of
the Flights

For this study, data from five UAV flights of very high resolution and accuracy undertaken
between November 2012 and February 2016 were available. The flights were executed with two UAVs,
shown in Figure 4. The flight characteristics are shown in Table 1 and their location and extension in
Figure 5.

 

Figure 4. UAV equipment used in this study: (a) AscTec Falcon 8; (b) ATyges FV-8 Drone.
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Figure 5. Mission planning and location of flights: (a) AscTec Falcon 8 flights; (b) ATyges FV-8 Drone
flight. Coordinates are in ETRS89, UTM-30.

Table 1. Properties of photogrammetric flights.

Date UAV Camera Strips Photog. Overlap Sidelap GSD (m)

19 November 2012 Falcon 8 Asctec Sony Nex 5N 6 72 70% 40% 0.029
16 April 2013 Falcon 8 Asctec Sony Nex 5N 6 72 70% 40% 0.030
16 July 2014 Falcon 8 Asctec Sony Nex 5N 6 72 70% 40% 0.034
31 July 2015 FV-8 Atyges Canon G12 6 364 90% 40% 0.037

17 February 2016 Falcon 8 Asctec Sony Nex 5N 6 72 70% 40% 0.044

The first three flights (2012, 2013 and 2014) were performed with an eight-rotor AscTec
Falcon 8 [63] (Figure 4) coupled with GNSS/INS and equipped with a MILC (mirrorless
interchangeable lens camera) Sony NEX 5N (APS-C format, 16 Mpx, pixel size 4.9 μm). The lens
used was a Sony E 16 mm f/2.8 fixed focal length (24 mm in equivalent 35 mm format). The maximum
takeoff weight (MTOW) was 2.3 kg and the speed was in the range of 4.5 to 15 m/s depending on the
flight mode (manual, height or GPS mode). The flight times were as long as 20 min. For the fifth flight
(2016), the UAV was upgraded to the new Asctec Trinity system with improved performance regarding
the redundant inertial measurement unit, flight control and flight dynamic [63].

The fourth campaign (2015) was carried out with another eight-rotor multicopter, ATyges FV-8
Drone [64] (Figure 4) due to the unavailability of the other UAV as it was in repair and maintenance at
the time of the field survey. It is formed by a structure in carbon fiber of eight rotors, control electronics
by Mikrokopter and a gyro-stabilized bench sensor holder ROLL-TILT. The ATyges FV-8 Drone is
capable of autonomous flight for up to 30 min and the payload is up to 2 kg. It is equipped with
a compact Canon Powershot G12 camera (CCD sensor 1/1.7, 10 Mpx, pixel size 2 μm). The lens
used was a 6.1–30.5 mm f/2.8 zoom lens (28–140 mm in equivalent 35 mm format), although only the
wide-angle position was set.

The flying heights were between 100 and 120 m above the terrain, which guaranteed a ground
sample distance (GSD) lower than 5 cm. In any case, the flying height needed to be kept at those
values since 400 feet (approximately 120 m) is the maximum height limit allowed by the Spanish
regulations on the use of Remotely Piloted Aircraft Systems. Due to the moderately steep gradient
of the hillslope, the strip flights were planned at different flying heights above the terrain in order to
maintain a constant GSD for all the images.

The flight missions were planned with the AscTec Navigator software for the Falcon 8 and the
MikroKopter-Tool free software for the ATyges FV-8 drone. The whole study area (500 m × 300 m)
was covered with six strips. In the case of the Falcon 8, UAV 72 images were necessary (70%
overlap and 40% sidelap), but with the ATyges system, 364 images were taken (90% overlap and 40%
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sidelap). The differences were given by the image acquisition mode of the ATyges system, which used
a continuous shooting mode with the Canon G12 camera. Figure 5 and Table 1 show these flight plans.

3.2. Georeferencing and Flight Orientation

For orientation of the UAV image blocks, a GCP (ground control points) network was planned
following the conventional distribution used for aerial triangulation [18]. Blocks were oriented in the
ETRS89/UTM 30N coordinate reference system (CRS). The field-surveyed GCPs were distributed all
around the block periphery and additional GCP chains were measured across the flight lines [18].

Due to the problems involved with setting up a permanent network in an unstable area, the GCPs
were defined as artificial circular targets and some well-defined natural points (Figure 6). These GCPs
were surveyed with differential GNSS methods (DGNSS) in the range of centimeter accuracy with
LeicaSystem 1200 and Leica Viva systems. A set of these points was not used in the orientation process
but they were reserved as check points (CHKs) to validate the accuracy of this process. The number of
GCP and check points are included in Table 2.

Nevertheless, as had been tested in previous studies [5,16,17,39–41], it was possible to transfer
points between different campaigns (second-order GCPs), taking one of the surveys as common
reference, thereby reducing the field work in a cost-saving technique, if the points are stable,
unambiguously identifiable and well distributed. This procedure involves measuring points in the
reference flight and calculating their coordinates in the corresponding CRS by means of spatial
intersection (PhotoScan employes a collinearity model, as other conventional photogrammetric
software), and transferring them as GCPs to the other flights. The use of these points helps to
improve the georeferencing of both sets of images in a common reference system, facilitating the
comparison between the models and orthoimages generated from them. In this case, a sample of these
points has been also used as check points. The error rates of transferred points (both GCPs and check
points) are usually higher than the conventional GCPs measured by means of GNSS techniques in the
field (Table 2), although the accuracies obtained are enough for the requirements of this work, as will
be discussed in the next sections.

This procedure allowed the orientation of the flight of 2013 transferring points from the flight of
2012, in addition to the flight of 2015 transferring points from the flight of 2014. Therefore, no field
GNSS surveys were carried out for the flights of 2013 and 2015, in which transferred GCPs and check
points were selected only in stable areas. However, it was not possible to transfer enough points to
the flights of 2014 and 2016 from the previous flights as GCPs because too many of them changed
or disappeared—particularly in the landslide area that dramatically modified the terrain or were
difficult to identify. Consequently, GCPs were measured again in the field by means of GNSS for
the flights of 2014 and 2016. For all the flights, those with GNSS-based GCPs as well as those with
transferred GCPs, the points network followed a similar configuration that ensured the quality of
block adjustment [18,26], although it did not always materialize exactly, and there were changes in the
location and number of the GCPs in the different flights (Table 2).

The images were processed and aligned by means of dense matching and Structure from Motion
(SfM) techniques, which implied the automatic measurement of some 10,000–15,000 common tie
points. After the measurement of the GCPs, the final photogrammetric orientations were computed
using a global bundle block adjustment [18,25,26]. All processes were implemented with Agisoft
PhotoScan software.

The final accuracies of all adjustments are shown in Table 2. RMS (root mean square) pixel is the
reprojection error and has values usually lower than the pixel size that informs of the general quality
of adjustment. The errors in the check points (CHKs), expressed also as RMS, refer to the residuals
calculated in these points after the bundle adjustment. In the case of the flights of 2012, 2014 and 2016,
these errors only refer to those field-surveyed (GNSS-based check points). But in the flights of 2013 and
2015, since both the GCPs and the check points were second-order points transferred from a previous
flight, the errors in the transferred check points are influenced by the propagation errors (the 2012
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flight on the 2013 flight and the 2014 flight on the 2015 flight). These propagation errors have been
added in Table 2. The expressions for calculating these propagation errors are:

PEXY(2013/2015) = (RMSXY(2012/2014)2 + RMSXY(2013/2015)2)0.5 (1)

PEZ(2013/2015) = (RMSZ(2012/2014)2 + RMSZ(2013/2015)2)0.5 (2)

 

Figure 6. (a) GCP targets and their measurement by DGNSS; (b) Detail of the targets.

Table 2. Orientation errors.

Date GCP/CHK Number Tie Point Number RMS Pixel
CHK RMS (m) Propag. Error (m)

RMSXY RMSZ PEXY PEZ

19 November 2012 11/5 17,795 0.75 0.017 0.015 - -
16 April 2013 12/5 14,322 0.39 0.036 0.020 0.040 0.025
16 July 2014 8/4 14,105 0.86 0.030 0.032 - -
31 July 2015 11/5 17,591 0.50 0.039 0.029 0.049 0.043

17 February 2016 13/5 9045 1.07 0.034 0.025 - -

Errors at the check points do not exceed 0.04 m in XY and 0.03 in Z in practically any case, as they
are usually higher in flights with transferred points. Thus the propagation errors have values lower
than 0.05 in XY and Z. Another quality control from derived products (DSMs and orthophotographs)
was performed calculating the relative displacements in 151 stable points (DSM check points)
distributed throughout the overall zone. The procedures are explained in the next section (DSM/DTM
and orthophotograph generation) and the results are presented in the corresponding section.

3.3. Digital Surface Model (DSM), Digital Terrain Model (DTM) and Orthophotograph Generation

The Digital Surface Models (DSMs) of all flights were generated from a densification of the
initial sparse point cloud (using the dense point cloud tool of PhotoScan) after the block orientation.
These dense point clouds involved some 15,000,000 points as average for all flights. Then orthoimages
for each campaign were also generated. Finally, both products were exported as raster files (TIFF) to
be incorporated into GIS analysis.

The resolution of DSMs was 0.10 m, given that the resolution of the orthoimages was 0.05 m and
the GSD even lower (0.029–0.044 m). In conventional photogrammetry the resolution of models are
several times that the GSD of the images and the resolution of orthoimages generated from them. But in
this case, given the new global dense matching techniques used by the current SfM photogrammetric
software and taking into account the dimensions of the area and the characteristics of the flights,
the pixel size of DSMs are twice the orthoimage.

Unlike previous studies [39], in this paper the landslide evolution was monitored with DSMs
instead of DTMs, because the study area presented a high density of vegetation in some sectors with
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grass, scrubs and bushes that had grown intensely in these last years. Under this circumstance the
DTMs obtained from DSMs, using the tools of point clouds classification and filtering of PhotoScan,
had only partially removed the olive trees. Stereo-model edition using photogrammetric workstations
and the corresponding software was not performed because it did not ensure good results—it could
not eliminate the grass and dense scrub—and would have been time consuming.

The orthophotographs, shown in Figure 7, were obtained with a resolution of 5 cm (0.05 m),
higher than GSD (0.029–0.044 m). Therefore, taking into account that the XY errors and uncertainties
calculated from the flight orientation process at check points—and at the DSM check points as will be
presented and discussed—are of the same order of magnitude than the resolution, the measurements
made on the orthoimages can be considered as reliable.

 

Figure 7. Orthophotographs corresponding to the photogrammetric UAV flights: (a) 2012 flight;
(b) 2013 flight; (c) 2014 flight; (d) 2015 flight; (e) 2016 flight; (f) Zonation of the studied landslide and
the surrounding area. Coordinates are in ETRS89, UTM-30.
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After all DSMs and orthophotographs were available, a network of 280 well-defined points visible
in all orthoimages was established (Figure 8) as DSM check points. First of all, those points located in
stable areas (151) were selected as check points in order to analyze the relative adjustment between
all DSMs and orthophotographs and also to validate the errors at the check points (GNSS-based and
transferred) of the orientation process given in Table 2. The results of this quality control are shown in
Table 3. Secondly, the points located in unstable areas (93), and specifically in the main landslide (71)
were used to measure horizontal and vertical displacements. All these DSM check points (stable and
unstable) were selected manually and placed carefully on the bare ground, which was easy because
they were located in olive groves—in which the vegetation is usually removed by farming tracks and
roads. Points located in areas covered by vegetation (36) have finally been excluded from the analysis.

Figure 8. Distribution of DSM check points in the study area. Coordinates are in ETRS89, UTM-30.

Table 3. Relative errors between flights. Displacements calculated between stable DSM check points.

XY Error Reference Flight

Flight to Compare
19 November 2012 16 April 2013 16 July 2014 31 July 2015

M 1 SD 2 R 3 M SD R M SD R M SD R

16 Aril 2013 0.010 0.083 0.071
16 July 2014 0.014 0.095 0.078 0.008 0.084 0.071
31 July 2015 0.006 0.097 0.067 0.008 0.098 0.071 0.015 0.096 0.089

17 February 2016 0.007 0.104 0.069 0.017 0.108 0.092 0.019 0.112 0.095 0.012 0.095 0.075
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Table 3. Cont.

Z Error Reference flight

Flight to Compare
19 November 2012 16 April 2013 16 July 2014 31 July 2015

M SD R M SD R M SD R M SD R

16 Aril 2013 0.038 0.085 0.079
16 July 2014 −0.010 0.094 0.069 −0.048 0.096 0.088
31 July 2015 −0.029 0.139 0.104 −0.066 0.158 0.128 −0.019 0.125 0.092

17 February 2016 0.013 0.094 0.086 −0.033 0.177 0.102 −0.023 0.090 0.079 0.046 0.140 0.113
1 M: Mean error; 2 SD: Standard Deviation; 3 R: RMS error. All the error data are in meters (m).

3.4. Comparison between Observation Campaigns: Measurement of Displacements

The comparison between the different epochs has been carried out in this paper based on the
products described below:

• From the DSMs the vertical displacements were obtained by subtracting the pixel values between
two sequential models (differential models).

• From the 3D coordinates of the DSM check points extracted manually from the orthophotographs
and DSMs, the vertical and horizontal displacements between points were calculated.

• From the plane coordinates of the centroid of olive trees, the horizontal displacements between
these features were calculated.

The comparisons between DSMs (differential models) were performed with ArcGIS and the
open source software QGIS. These comparisons mainly allow the visual identification of landslide
features (head and depletion area, main and secondary scarp, body, toe and accumulation area) and
the estimation of vertical displacements in certain areas not covered by vegetation. But given the
difficulty in obtaining a true DTM, mean values of displacements and the volumes involved were
not calculated. More precise calculations of vertical and horizontal displacements were made from
the coordinate measurements at DSM check points in the landslide area. These points were selected
manually and located carefully on the bare ground.

Furthermore, although some techniques of automatic recognition of features based on image
analysis were tested, they did not offer satisfactory results because of the dramatic changes in the
orthophotographs corresponding to the different epochs. These changes were caused by different
lighting conditions, deep shadows, the landslide itself, repair works and the changing vegetation cover.
In some limited areas, such as roads, some results were obtained but they were considered inconclusive
for this paper. In this regard, this study deals with another approach based on the automatic recognition
of olive trees that cover most of the area. These elements are sufficiently distinguishable from the
background to provide reliable results, but at the same time have the disadvantage of suffering changes
such as growing, pruning or removal (especially in the landslide area). Being a methodological
approach, the analysis was only performed between the first (2012) and the last epoch (2016), in which
the displacements had a larger magnitude.

The approach uses the dense point clouds generated with PhotoScan, which are classified within
the LAStools software suite. The classification process is carried out semi-automatically. The first step
was the automatic classification of the dense points cloud with the Ultra Quality option in the LASground
tool, using the default parameters for forest or hills areas. Then a manual edition is performed to refine
the classified data. These classified point clouds are transformed into normalized clouds, which means
that the points classified as terrain appear in a horizontal plane at a constant level (0) and only the
points classified as non-terrain have an assigned height. Then the normalized clouds are transformed
to raster images, so image processing filters can be applied in order to extract information.

The normalized raster images are segmented using a threshold value of 0.3 m. This corrects
classification errors and so all elements with Z higher than 0.3 m are assigned with value 1 and the
other elements take value 0. Then the centroids of the olive trees are extracted semi-automatically
using GIS tools: the extracted elements are vectorized so polygons are obtained; then those polygons
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too small to be considered as olive trees are filtered (a threshold of 2 m2 is used); finally, the centroids
of the different polygons are calculated.

This operation is performed for the point clouds corresponding to the initial (2012) and final (2016)
campaigns. In order to reference the olive trees of different years and so calculate the displacements
between them, it is necessary that the olive trees present the same identification in the two campaigns
analyzed. This is accomplished by building buffers around the centroids, merging those buffer layers
for the same olive tree in different campaigns and renaming them, thus allowing the centroids of both
campaigns to be named with the same identifier.

The last phase of the process, the calculation of displacement vectors, is performed using a JAVA
application developed by the authors, in which both the displacement module and direction are
calculated for each of the points considered in the analysis. In total, 1100 olive trees were identified,
those that remained throughout the whole period, although some of them underwent shape changes
in the last campaigns.

4. Results

The results are analyzed in different sections, which essentially coincide with the different
methodologies followed for comparison between campaigns: analysis of differential models, analysis
of displacements at selected points and analysis of the horizontal displacements of the centroids of
olive trees. At the beginning, two brief sections are presented about the results of displacements
measured at stable DSM check points), and the landslide recognition and zonation.

4.1. Displacements between Models at Stable DSM Check Points

The results of displacements between models obtained at the stable DSM check points are shown
in Table 3. It can be observed that the mean errors are below ±0.02 m in XY (in the order of the GSD
values) and below ±0.06 m in Z. Moreover, the RMS errors—employed in most studies [26]—are below
0.10 m in XY and 0.13 m in Z. Finally, the standard deviation (SD) is usually less than 0.10 m in XY and
Z, although in this last case some values reach 0.15 m.

4.2. Landslide Recognition and Zonation

A visual inspection and photo-interpretation of the models in the photogrammetric software, and
the orthoimages (Figure 8) and differential models (Figure 9) in the GIS allowed the clear recognition
and delineation of a landslide in the south sector. This inspection has been helped by field observations.
This landslide covered the hillslope from the upper part, affecting and ruining the A-3200 road—which
connects the town of Jaén with the village of La Guardia—to the lowest part in the vicinity of the A-44
highway, affecting the access way from the highway to the village of La Guardia and another road
constructed to avoid traffic interruption of the A-3200 road (Figure 2).

In the landslide mass, a head area in the upper part—very chaotic and with several scarps—and
a foot area in the lower part could be clearly identified [65]. A transitional or body area in the middle
part was also distinguished. This landslide zonation is shown in Figure 7e.

Moreover, towards the northern part of the area, a second unstable zone is identified,
corresponding to an incipient landslide in which the deformation is lower and the roads only suffer
cracks and bumps (Figure 2d). The remaining areas are initially stable but these zones where there are
changes in the vegetation state are also highlighted.

4.3. Differential Models

Differential models calculated from the DSMs are shown in Figure 9. In the first two differential
models (2012–2013 and 2013–2014), ignoring the effect of the zones of grass and scrub vegetation
located in the central-northern sector, areas where the height of the ground surface descends and
areas where the height of the ground surface ascends were observed. The first areas predominated in
the upper part of the slope (zone of depletion or head) associated with the main scarp and also with
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secondary scarps; the latter dominated the middle and lower part of the slope, associated with the
landslide foot (zone of accumulation), but also appearing at the head, alternating with depletion zones
in the area where the secondary scarps were formed. Therefore, in these first periods, descents up to
0.8 m and also ascents up to 0.3 m, in alternating bands, were observed in the upper part or head zone;
descents up to 0.4 m and ascents up to 1.3 m were observed in the middle part, predominating the
ascents toward the lower part; finally, descents up to 0.3 m and ascents up to 0.7 m were observed in
the foot area, reaching the maximum values of both cases near the access roads.

Since the 2014–2015 period, the landslide dynamic has changed dramatically at the upper and
even the middle part of the hillslope, where large vertical displacements of the terrain surface were
observed, both in terms of depletion and uplift zones. In the lower part of the landslide, the situation is
completely different, and only smooth terrain ascents were observed. Thus, in the period of 2014–2015,
we were able to observe descents of up to 1.2 m and ascents up to 1.5 m in the upper part, above and
below the new road A-3200; descents up to 1.0 m and ascents up to 1.2 m in the middle part, with the
maximum absolute values in this case towards the upper part; and descents up to 0.15 m and ascents
up to 0.2 m in the lower part, with the maximum values also in the zone near the access roads. Finally,
in the last period studied (2015–2016), scarcely any changes occurred on the surface of the ground in
the landslide area and its surroundings.

4.4. Analysis of Displacements at Unstable DSM Check Points

This analysis is shown graphically in a map of displacement vectors in the Figure 10 and it is
summarized in Table 4 for the different parts of the main landslide area. The mobilized and stable
areas can be clearly distinguished on the map of displacement vectors.

In this case, the largest displacements towards the northeast are located in the main landslide area,
while the remaining zone presents much smaller displacements without a clear direction. Also, in the
northern sector, an incipient unstable zone is observed, although the displacements are not so large.

Table 4 shows the mean values (absolute and rates) of the displacement vector modules in the
vertical and horizontal component, as well as the mean direction and the mean length of the resultant
vector (MLRV). MLRV is a measure of circular dispersion, the directions being more uniform when it
is close to 1 and more dispersed when it is far from 1 [66]. The horizontal displacements observed in
Table 4 are an order of magnitude higher than those in the vertical displacements. From the absolute
values of displacements, the rates of displacements are calculated, dividing the absolute values by the
period of time between campaigns (expressed in years).

The vertical displacements measured at landslide DSM check points were usually negative,
so the points tend to descend as the movement progresses. Thus the descent rates in the first period
reached 1.428 m/year in the upper part of the hillslope, 1.920 m/year in the middle part and
0.129 m/year at the lower and less steep part. These descent rates were of 0.338 m/year, 0.732 m/year
and 0.160 m/year at the upper, middle and lower parts respectively, in the second period. In the
third period (2014–2015), most points in the upper and middle part disappeared, while in the lower
part, the vertical displacements of the points were not significant. The same happened in the fourth
period (2015–2016) in this case for all the sectors of the landslide.

The analysis of horizontal displacements shows that in the first period considered (2012–2013),
large displacement rates higher than 4 m/year and 13 m/year m occurred, respectively, in the upper
and middle areas, while in the lower part, the rate was about 1.4 m/year. In the second period
(2013–2014), horizontal displacement rates decreased to 1.146 m/year in the upper part, 3.304 m/year
in the middle part and 0.778 m/year in the lower part. In the third period (2014–2015), the points in the
upper and middle part disappeared again, whereas in the lower part, horizontal displacements with
rates of about 0.268 m/year remained. Finally, in the period 2015–2016, the horizontal displacements
were practically null or not significant in all parts of the hillslope.

The mean direction of displacement vectors is northeast (NE). This direction remained practically
constant (between 048◦ and 057◦) throughout the first (2012–2013) and second period (2013–2014).
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The mean length of the resultant vector presented values close to 1 in the first and second periods,
although in the upper part, values of around 0.8 were observed. These parameters decreased to below
0.5 in the third (2014–2015) and fourth periods (2015–2016).

Figure 9. Differential models calculated from DSM: (a) 2012–2013; (b) 2013–2014; (c) 2014–2015;
(d) 2015–2016; (e) 2012–2014; (f) 2012–2016. Coordinates are in ETRS89, UTM-30.
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Figure 10. Displacements at DSM check points: (a) 2012–2013; (b) 2013–2014; (c) Detail of 2012–2013
(a); (d) 2014–2015; (e) 2015–2016. Coordinates are in ETRS89, UTM-30.
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Table 4. Vertical and horizontal displacements calculated at DSM check points in the landslide area.

Vertical Displacements

Periods
Upper Part Middle Part Lower Part

Absolute 1 Rate 2 Absolute Rate Absolute Rate

2012–2013 −0.595 −1.428 −0.794 −1.906 −0.054 −0.129
2013–2014 −0.424 −0.338 −0.919 −0.732 −0.201 −0.160
2014–2015 −0.027 -0.025 −0.112 −0.106 −0.103 −0.097
2015–2016 −0.003 −0.005 0.052 0.093 0.049 0.089

Horizontal displacements

Periods
Upper Part Middle Part Lower Part

Absolute Rate Absolute Rate Absolute Rate

2012–2013 1.779 4.273 5.457 13.104 0.576 1.383
2013–2014 1.438 1.146 4.146 3.304 0.976 0.778
2014–2015 0.270 0.255 0.292 0.276 0.284 0.268
2015–2016 0.060 0.108 0.109 0.196 0.085 0.152

Directions

Periods
Upper Part Middle Part Lower Part

Mean MLRV 3 Mean MLRV Mean MLRV

2012–2013 48.477 0.856 53.112 0.955 47.813 0.963
2013–2014 57.468 0.739 54.358 0.980 48.892 0.969
2014–2015 3.366 0.253 50.511 0.361 58.493 0.520
2015–2016 −48.089 0.328 17.281 0.354 25.473 0.370

1 Data of displacements are in meters (m); 2 Data of displacement rates are in m/year; 3 MLRV: Mean length of
the resultant vector.

4.5. Analysis of the Horizontal Displacements of the Olive Tree Centroids

This analysis, based on a semi-automatic approach, also allows a mapping of the deformation,
although restricted only to the horizontal component of displacement. Figure 11 shows a map of
deformation based on this approach where the mobilized area is clearly differentiated from the
surrounding stable area. The mean displacement modules and directions of the period 2012–2016 are
shown in Table 5. The larger horizontal displacements were observed in the middle part (2.832 m),
followed by the lower part (2.452 m) and the upper part (1.336 m), and the shorter values were in the
stable area (0.719 m). The mean direction was towards NE in the different parts of the landslide and
towards the SSW in the stable area. Finally, the MLRV was at its maximum in the lower part (0.907 m),
the middle part (0.815 m) and the upper part (0.716 m) and minimum in the stable area (0.176 m).

Table 5. Horizontal displacements calculated from olive centroids in the stable and landslide area.

Stable Area Upper Part Middle Part Lower Part

Horizontal Absol. 1 Rate 2 Absol. Rate Absol. Rate Absol. Rate

displacements 0.719 0.196 1.366 0.373 2.832 0.772 2.452 0.669

Directions
Mean MLRV 3 Mean MLRV Mean MLRV Mean MLRV

201.038 0.176 48.687 0.716 59.151 0.815 53.180 0.907
1 Data of displacements are in meters (m). 2 Data of displacement rates are in m/year. 3 MLRV: Mean length of
the resultant vector.

However, since olive trees are irregular features that can change their physical appearance because
of pruning, growth, etc., different types of filters were tested in order to identify displacements due only
to landsliding. Firstly, several local statistics of the displacement vectors (mean module, mean direction
and mean length of resultant vector) were calculated in a buffer of 15 m around each centroid. It can
be noticed that in mobilized areas the vector modules have clearly higher values than in stable areas.
In fact, in stable areas, the displacements due to changes in the shape of the olive treetops are less than

282



Remote Sens. 2016, 8, 837

1 m, while in landslide, the displacement values are usually up to 2 m and higher. Moreover, in the
mobilized areas, the vectors have a more uniform direction (NE) and the mean length of the resultant
vector has higher values (close to 1) than in stable areas.

The module and direction of the displacement vectors were therefore selected as filters and,
subsequently, those vectors with modules lower than 1 m were eliminated. Moreover, those vectors
with a direction value of ±60◦ with respect to the mean direction of the landslide displacement
(rounded to 050◦), which means directions between −10◦ (350◦) and 110◦, were also eliminated.
The result of the application of these filters is also shown in Figure 11.

 

Figure 11. Displacement between olive trees: (a) All the olive trees extracted from DSMs; (b) Olive trees
filtered by module and direction; (c) Detail of (a); (d) Detail of (b). Coordinates are in ETRS89, UTM-30.

5. Discussion

The discussion deals with different aspects of the previous sections. Firstly, some considerations
about the limits of accuracy of the study will be presented, based on the results of the orientation
and georeferencing process and the analysis of check points. Secondly, the results of the analysis
of differential models, analysis of displacements at selected DSM check points and analysis of the
horizontal displacements of the olive tree centroids will be discussed. Then a brief description of
qualitative aspects extracted from these analyses will be given. The section will finish with some
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conclusions regarding the relationships between the trigger mechanism of the landslide (rainfalls) and
its kinematics.

5.1. Accuracies, Errors and Uncertainties

The RMS errors referring to the GNSS-based and transferred check points after the bundle
adjustment do not exceed 0.04 m in XY and 0.03 m in Z in practically any case (Table 2), neither in the
flights oriented by GNSS-based GCPs (2012, 2014 and 2016) nor the flights oriented by second-order
points (2013 and 2015) transferred from a previous flight (2012 and 2014, respectively). In the last cases,
the propagation errors are also taken into account showing values lower than 0.05 m. These errors are of
the same order of magnitude than the image resolution, as it has been described in previous comparable
studies [26,32,34,38,42,44,45] with similar properties (equipment, flight altitude and resolution).

From the displacements measured between the 151 DSM check points placed on the bare ground
in stable zones, the mean errors, RMS errors and standard deviation (SD) were calculated (Table 3).
RMS errors also show values of the same order of magnitude of those calculated in this work at
GNSS-based and transferred check points, and those found in the aforementioned studies with similar
properties. In these studies, the RMS calculated in GNSS-based check points are in the range of
0.05–0.10 m [32,38,45] or even higher [34]. In a lower resolution study [31], a value of 0.50 m is found
in the comparison of UAV and LiDAR DSMs, where DSM check points are used in the same way as in
this study. Other studies, also of lower resolution, in which the errors in ortophotographs and DSMs
are around 2–3 times the resolution of images, agree with these observations [28,29].

Furthermore, it can be observed that the mean errors at the DSM check points are below ±0.02 m
in XY (in the order of the GSD value) and below ±0.06 m in Z, which confirms the good general
adjustment or centering of the models, without systematic horizontal or vertical displacements;
however, there can be local misalignments as the higher values of RMS and SD reveal. In this way,
the standard deviation, which is actually a measure of the uncertainty of the data, is usually lower
than ±0.10 m in XY and Z, although in this last case, some values reach ±0.15 m. It can be established
that the general adjustment models between flights are very fine (better than 0.06 m in XY and Z),
while the uncertainty, and so the accuracy, is 0.10 cm in XY and 0.15 cm in Z. Thus higher displacement
values with respect to these thresholds allow us to deduce changes in the ground surface, while lower
values are inconclusive.

5.2. Differential Models

Differential models (from DTMS or DSMs) are calculated in many studies in order to study the
landslide evolution [30,31,34–36,39–41,45]. In this study, DTMs are obtained by classifying and filtering
DSMs, but only olive trees could be partially eliminated, while the grass and scrubs remained. In these
conditions, DTMs and the differential DTMs do not improve significantly in respect to DSM and
differential DSMs. Therefore, the use of differential DTMs does not allow more precise evaluations of
displacements and volumes. Thus differential DSMs are used in this work to make visual observations
of the landslide features and evolution and to calculate approximate and local vertical displacements
by means the GIS tools in some areas not covered by vegetation.

Differential DSMs between 2012 and 2014 allowed the clear delineation of the main landslide,
with notable changes in the terrain surface, regarding the stable zone in which these changes were not
significant. Moreover, the depletion area in the upper part (head) of the landslide, where descents of the
terrain surface predominated, could be distinguished from the accumulation area in the middle (body)
or lower part (foot), where ascents of the terrain surface predominated. In reality, the ascent of terrain
surface in these zones was not due to an uplift of the terrain surface but to an advance of the landslide
mass in the accumulation area (body and toe). This type of evolution has been observed in other
studies [6–8,10–15,31,34–41,45] with different types of landslides and it is related to displacements of
the terrain surface in both the vertical and in the horizontal direction.
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The absolute values of vertical displacements were similar in the upper and middle part where
the maximum deformation concentrated. In the head, the alternating bands of terrain descents and
ascents were due to the formation of secondary scarps and the mass advance. This area also presented
higher slope-angles, alternating between very steep scarps and flatter zones, although always inclined
downslope without rotational evidences. In the middle part or landslide body, the maximum ascents
of terrain surface could be observed, evidencing an accumulation zone where the landslide foot began.
This zone also presented higher slope-angles, as corresponds to the upper part of the foot. In this
point, there is a narrowing of the landslide shape due to the original relief—in part modeled by older
landslides—with zones of higher slope-angles at the flanks and a lower inclined area between them
throughout which the landslide was able to advance. Nevertheless, this morphology could have
stopped the landslide partially, giving rise to the formation of this steep foot at the middle of the
hillslope, although the movement continued downslope. So, in the lower part, the foot had lower
slope-angles and could open moderately after the narrowing. The observed ascents of the terrain
surface were lower, as corresponds to a smooth foot where there is a greater horizontal than vertical
development. In fact, in this zone, the vertical displacements were of the order of Z uncertainty, but in
some sectors—such as the affected roads—an advance of the mass and a certain uplift of these features,
due to the push on a rigid structure, could be clearly observed.

The landslide kinematics changed along the full time period studied. The largest vertical
displacement rates thus occurred during the first period (2012–2013), slowing in the second period
(2013–2014), though retaining the same pattern. In the third period (2014–2015), the evolution of the
upper part of the hillslope underwent great changes as the result of the repair works for stabilization
and construction of the new road JA-3200, while in the middle and lower part, a residual movement
still remained, although the values in the order of uncertainty are not conclusive. In the last period
(2015–2016), the landslide finally stopped and significant changes in the ground surface could not
be observed.

Very interesting are the effects of the displacements of olive trees observed in the differential
DSMs because of the landslide movement. Thus, in certain areas, some strips with surface uplifts
and descents are observed. The vertical displacements range between 2 and 3 m (approximately the
height of the olive trees) and they do not correspond to vertical movements but rather horizontal
displacements of the tree lines.

5.3. Analysis of Displacement at Unstable DSM Check Points

The displacement vectors both in the vertical and the horizontal components allowed
us to distinguish between mobilized and stable zones, as has been described in previous
studies [6,8,15,34,35,39–41]. In general terms, the largest vector modules and the maintenance of
uniform directions are indicative of those zones where movements occur.

In the study area, two unstable zones were identified, one corresponding to a more developed
landslide in the southern part, with larger displacements, and the other one in the northern part,
in an incipient state with shorter displacements.

Focusing on the main landslide, it could be observed that the horizontal displacements were
an order of magnitude higher than the vertical displacements, which is consistent with the kinematics
of a flow type movement where the horizontal component is greater than the vertical [55,56,67,68].
Moreover, the usually negative values of vertical displacements show that the points tend to descend
as the landslide progress, unlike what happened in differential models where the observed uplifts are
due to the mass advance and accumulation.

As in the analysis of differential models, two different stages could be observed before and after
the stabilization works. The maximum descent rates were reached in the first period (2012–2013),
being larger in the upper (head) and middle part (body) than in the lower part (foot), where the
horizontal component of the movement predominated, according to a typical flow-type movement
with formation of scarps in the head. According to the average data, the vertical displacement rates of
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DSM points slowed in the second period (2013–2014), except in the foot, which indicates transmission
of the movement downslope, after the movement in the head and body was stopped by the narrowing
and also by the rainfall decrease. In both periods, the absolute values of vertical displacements were
significantly higher than those values found in the stable zones (Table 3), where mean values did not
exceed 0.06 m and the RMS and SD were lower than 0.10–0.15 m. In both periods, the movement can
be catalogued as slow, according to the suggested classification of WP/WLI [69] and the available data
(one campaign per year), although it is possible that it reached moderate velocities in some rainy event,
like in some movements analyzed in surrounding zones [39–41].

In the third period (2014–2015), the disappearance of points in the upper and middle part was
due to the repair works (the landscape changed completely). Meanwhile, in the lower part, the vertical
displacements of the points were not significant, as the absolute values were below the accuracy limit
(0.15 m) estimated from the standard deviation of stable points. The same occurred in the fourth period
(2015–2016) for the whole landslide, as a consequence of stabilization works.

Similar considerations could be established from the analysis of horizontal displacements.
The largest displacement rates of several meters per year were reached in the first period (2012–2013)
in the upper (head) and middle (body) part, where the larger deformations occur, and shorter
(about 1.5 m/year) in the lower part (foot). The velocity was from slow to even moderate (in the upper
parts). Again, the more active zones were the head, the body and even the starting point of the foot,
where the slope-angles were higher, while in the lower part of the foot—after the narrowing—the
slope angles were lower and the movement more residual. The rates slowed in the second period
(2013–2014) to values close to 1 m/year (slow velocity). In any case, in both periods, the mean
absolute horizontal displacements were much larger than those calculated in stable areas (0.02 m),
the orthoimages resolution (0.05 m) and the accuracy limit (0.10 m). In the third period (2014–2015),
ignoring the points that disappeared in the upper and middle part, residual displacement rates in the
lower part could be observed. As in the previous analyses, the horizontal movements were practically
null in all parts of the hillslope in the fourth period.

An average direction of the horizontal displacement towards downslope (NE), and high values of
the mean length of resultant vector—low dispersion of directions—were found in the landslide area in
the first periods (2012–2014). This low dispersion of the directions of displacement vector suggests
a fairly coherent movement, despite being a flow in which the movements tend to have a chaotic
behavior [55,56,67]. It confirms the earth-flow typology in which the movement is more coherent than
other flow types, including mud flows or debris flows. Nevertheless, the higher dispersion observed
at the head suggests a more chaotic pattern in this area of greater deformation.

On the contrary, directions different to the general trend of the hillslope and lower values of the
mean length resultant vector—high dispersion of the directions—appeared in stable areas. In these
areas, the displacement should really be null and without a set direction. So the short modules and the
high dispersion in the directions found in these stable areas seems due to the limit of precision in the
positioning of measurement points and not to a real displacement of the terrain. The same can be said
about the landslide area when the movement stopped (since 2014).

5.4. Analysis of the Horizontal Displacements of the Olive Tree Centroids

This analysis, based on a semi-automatic approach that allows a mapping of the horizontal
deformation and identification of potential unstable areas, is original of this study. However,
the methodology has its limitations because the elements selected to evaluate the displacements—the
olive trees—are irregular features that can change their physical appearance because of pruning,
growth, etc. Some approaches based on techniques of expertise classification of point clouds to detect
objects such as trees and their parts (trunks, branches, etc.) [70] or taking into account properties of
DSMs (heights, slopes . . . ) and the orthoimages (radiometric bands) could refine the methodology.
In this work, however, we have followed a simple approach based on applying filters in order to
distinguish true displacements due only to landsliding from other possible changes.
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The mean displacement modules and directions calculated for the whole period (Table 5) show
differences between stable areas and the different parts of the landslide. The maximum horizontal
displacements are observed in the middle part followed by the lower and the upper part, coinciding
roughly with the analysis of the DSM check points. However, the displacements between olive
centroids are not as large as between check points, especially in the upper and middle parts, because
the olives in these areas of maximum deformation have disappeared (in fact, in the upper part, there are
only six olives and the measurements are not significant). In stable areas, the displacements are shorter
than in the landslide areas, but higher than those observed in the DSM check points, due probably
to the irregular shape of olive trees and the low accuracy in the centroid position. It agrees with the
mean values of directions of displacement and MLRV; the directions in the landslide area are quite
uniform (high values of MLRV) and, towards NE (downslope), they coincide with the values observed
in the DSM check points. However, the stable areas are very irregular (low values of MLRV) and even
upslope. In these cases, the irregularity is larger than in the DSM check points, due to less accuracy in
the positioning of olive tree centroids.

Thus, in order to distinguish the unstable areas from the stable ones, different filters were tested
based on local statistics of the displacement vectors (mean module, mean direction and mean length
of resultant vector) calculated in a buffer of 15 m around each olive centroid. The mean module and
direction of the displacement filters operate efficiently and so those vectors with a module lower than
1 m and with a direction value of ±60◦ with respect to the mean direction of the landslide displacement
were eliminated. The remaining vectors highlight the main landslide area in the south part and also
the incipient unstable area in the north.

With respect to the other statistical parameter, the mean length of the resultant vector also shows
the mobilized areas clearly, but this coefficient presents some problems since its distribution is highly
irregular near the boundary between stable and unstable areas. Moreover, in areas affected by flow
type landslides with a chaotic behavior, the use as filter of the mean length of the resultant vector
could lead to error.

It can be thus concluded that the application of these filters results in the delimitation of the
movement (Figure 11), thereby validating this semi-automatic recognition method that can be applied
to the detection of movements in areas of olive groves or other groves that follow a regular pattern.

5.5. Qualitative Characterization of the Landslide

A visual inspection in the field as well as the previous analyses show a slope movement of
earth-flow type [55,56,67]. This type of slope movement is defined as “rapid or slower, intermittent
flow-like movement of plastic, clayey soil, facilitated by a combination of sliding along multiple
discrete shear surfaces, and internal shear strains (with) long periods of relative dormancy alternating
with more rapid surges” [56]. The velocity (catalogued in this case as slow to moderate), the plastic
marls and clays of the Guadalquivir Units [54,58–62] outcropping in the study area and the slope-angles
(ranging from 5◦ to 20◦) are characteristic of this landslide typology. Additionally, the water sources
from the carbonate materials of the surrounding reliefs—and also by the colluvial deposits—during
the rainy periods contributed to the landslide origin and evolution.

The landslide presented a crown area [65] in the upper part located in the surrounding area of the
road JA-3200. This road, which connects the village of La Guardia and the city of Jaén, was affected
by the landslide and had to be repaired (Figure 2). The shape of this crown was rounded and the
head inside had several successive moderate scarps up and down the road, ending in a back-scarp at
the road cut. Among the scarps some flat areas appeared as relics of the original relief. These areas
were not inclined counter-slope, but moderately downslope, so there was no evidence of rotational
mechanisms. As the landslide progressed, the tension cracks grew upslope and eventually affected the
constructions of the top of the hillslope (an olive oil mill and roads). All these features were formed
mainly in the colluvial or piedmont deposits coming from the surrounding reliefs that cover a high
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proportion of the area. These materials are more coherent and facilitate the formation of scarps and
tension cracks.

The landslide mass had a rather disorganized sector in the head or upper part of the landslide
(Figures 7–11), where the largest deformation occurred between 2012 and 2014. This upper area—now
dismantled after the repair works—was in general a depleted zone and contained abundant transverse
cracks. It also had a well-defined lateral boundary and ended in an accumulation zone that extended
throughout the body and the foot of the landslide. This accumulation zone formed a shoulder in
the terrain surface characteristic of a foot zone, but the movement did not finish at this point and
continued downslope after a narrowing in this middle area (Figure 7), that can be still observed in
2016, although with a much smaller deformation. This narrowing in the middle part of the landslide
as a consequence of the original terrain surface could stop or slow the movement and produce the
shoulder. After the narrowing, the mass ran along a gentle slope to the tip of the landslide located near
highway A-44, seriously affecting the access road to La Guardia from the A-44 highway (Figure 2).
In the lower part, the lateral limits were more moderate and only appeared as a crack.

The estimated mass thickness is quite small, probably no more than 10 m. Taking into account the
length, about 500 m, and the depth-length ratio, about 1%–2%, the landslide belongs to a flow type
movement [68].

As well as the main landslide, some other unstable areas can be observed in the northern part
of the study area (Figures 7–11). In most cases, only the development of cracks and steps occurred.
These affected the temporary road constructed in order to avoid the traffic disruption of the JA-3200
road (Figure 2d). At the bottom of the slope a differentiated movement in an incipient state with
a well-formed scarp appeared.

5.6. Relationship between Rainfall and Landslide Activity

The previous analyses agree that between November 2012 (first UAV flight) and July 2014
(third UAV flight) a slope movement of flow type remained active on a hillslope near the village
of La Guardia, which affected the JA-3200 road connecting this village with the city of Jaen.
From July 2014 to February 2016, a stabilization of the movement was observed and the landslide only
maintained some residual movements in localized areas.

Rainfall has been considered one of the main triggering factors of landslides [71,72] all over
the world but also in the Mediterranean countries [73], as has been demonstrated in regions close
to the study area [74]. Figure 12 shows the monthly rainfall measured for this period and also the
monthly average. The monthly average presents an absolute maximum in autumn and winter months
(October to January) and also a relative maximum in spring (April), while the minimum values occur in
summer. Moreover, the monthly rainfall shows an irregular distribution typical of the Mediterranean
climate of southern Spain where cycles alternating between dry and wet years occur [75,76]. At the
beginning of the period, between 2012 and 2013, the rainfall values were significantly higher than the
average, whereas at the end of the period, especially between 2015 and 2016, the rainfall decreased
below the average.

More precisely, between the flights of November 2012 and April 2013, the landslide was very
active and this activity coincided closely with two periods of heavy rains where values close to 200%
of the average rainfall in the area were reached. The first period occurred between September and
November 2012 and the second one between February and April 2013, as described in previous
studies of neighboring areas [39–41]. The landslide activity was maintained—although reduced—for
the next period between April 2013 and July 2014, perhaps discontinuously as described in the
aforementioned studies. Therefore, after April 2013, a drier period began, only interrupted in August
by an extraordinary peak near 300% of the average value, and between December 2013 and February
2014 in which 120% of the average value was reached.

288



Remote Sens. 2016, 8, 837

Figure 12. Rainfalls in the studied period in a meteorological station near the zone.

After these periods of more intense activity, the movement had little activity, coinciding with the
works of stabilization and restoration of the hillslope and the road and, at the same time, with a fairly
dry period with values below 50% of the average rainfall except for a few months where the rainfall
occasionally exceeded 100%. This intermittent character is typical of the earth flows in Mediterranean
or arid climates [56]. In this sense, the landslide that can be catalogued as slow to moderate following
velocity classifications is also characterized as type VII of the diachroneity classification (landslides
active in a period between one and ten years) [4].

In conclusion, a certain relationship between activity and rainfall is observed, although the
execution of works of stabilization of the slope interrupted the analysis and prevented more definitive
conclusions from being reached.

6. Conclusions

The use of Unmanned Aerial Vehicles (UAV) is a useful tool for fast, very high resolution and
precise surveys in areas of about 0.01 to 100 km2. This paper proposes a methodology for the analysis
of slope instability processes. In this sense, light equipment, such as that used in this study, is well
suited for updates and landslide monitoring, and thus for disaster management. It allows working
with intermediate scales between terrestrial techniques (global navigation satellite system (GNSS),
classic surveying, terrestrial laser scanner, terrestrial photogrammetry, etc.) and aerial or space surveys
(conventional aerial photogrammetry and light detection and ranging (LiDAR), very high resolution
satellite remote sensing, Differential Synthetic Aperture Radar Interferometry (DInSAR)). At this
scale, detailed morphological features can still be observed, while allowing relatively large areas to be
covered. Light UAVs are very agile and easy to operate compared to other heavier equipment. Also,
field surveys can be performed within a few hours of work, including the measurement of ground
control points (GCPs).

Since these light UAVs can also be equipped with different sensors (infrared cameras, LiDAR,
Radar, etc.), their potential will increase. The use of conventional photogrammetric and Structure
from Motion (SfM) techniques [26] allows us to orient UAV flights and to obtain Digital Surface
Models (DSMs)/Digital Terrain Models (DTMs) and orthophotographs from which vertical and
horizontal displacements and volumetric changes can be calculated. As it has been presented in
the introduction section, some studies have made advances in co-registration methodologies of
multi-temporal image datasets by means of points or surfaces, the development of algorithms for
detecting surface motions, and the implementation of methods of direct orientation from in-flight
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parameters. However, the elimination or reduction of GCP (a time-consuming task) is not yet possible
in all circumstances unless more accurate positioning and inertial systems can be used on board light
UAVs, although these new systems will soon be available.

In this study, both DSMs and orthophotographs at different epochs have been obtained from
aerial photographs of the UAV surveys, using a methodology based on conventional photogrammetry
and SfM techniques. The results obtained have allowed the characterization of the slope movement
flow rate and some morphological features (crown, scarps, head, lateral limits, tension cracks, foot,
etc.) on a hillslope of hectometric dimensions. In this way, the movement has been classified as
an earth flow, based on the observations made on the field, the DSMs and the orthophotographs.
The technique also allows a monitoring analysis by calculating differential DSMs in order to measure
vertical displacements and identify depletion and accumulation areas inside the landslide. At the
same time, the measurement of displacements between points selected in a manual way from the
orthophotographs and models (DSM check points) allows us to analyze landslide kinematics and
activity with an accuracy of about 10 cm in XY and 15 cm in Z. This accuracy has been established by
means of an analysis of displacements measured in the GIS between the DSMs at 151 check points
placed on the bare ground in stable zones. The uncertainties correspond to the standard deviation of
these measured displacements at stable points.

In this sense, the observed displacements in the main landslide area reached values from
decimeters to meters in the vertical component and several meters in the horizontal component,
significantly larger than the accuracy limit. As the periods between UAV campaigns are more or less
one year, the displacement rates ranged from decimeters to meters by year in the vertical direction
and from 1 m/year to 10 m/year in the horizontal direction, so the landslide can be catalogued as
slow (to moderate). Nevertheless, the displacement rates varied along the whole studied period and
depended on the part of the landslide. Therefore, the maximum rate was reached at the beginning
(2012–2013), but the landslide was gradually slowing until it stopped completely by 2015. Moreover,
the areas with larger deformation were the upper part (head) and the middle part (body and the
starting of the foot) of the landslide, while the area less deformed was the lower part (the smooth
foot downslope).

The displacements have been correlated to the rain events that occurred in the region between
the different epochs. These first analyses show a higher activity of the landslide—larger vertical and
horizontal displacements—in the rainy periods at the beginning of the study, then a residual activity
and finally a stop of the landslide in the following dry period, coinciding with the stabilization works
of the landslide slope.

Automatic techniques of feature recognition, proposed in some studies, have been tested in this
study, but they have not worked because of the changes in solar illumination, deep shadows, seasonal
and inter-annual vegetation, the landslide itself and the repair works that have occurred in this zone.
Nevertheless, an approach based on olive tree recognition by means of DSM classification and filtering
has been applied in a groundbreaking way. The horizontal displacement measured between olive tree
centroids coincide roughly with those observed between DSM check points but the disappearance of
many trees in the areas of maximum deformation (the upper and middle zones) and the lower accuracy
in the positioning of the centroids make the difference between stable and landslide areas less clear
than in the analysis of DSM check points. In this way, the application of filters using displacement
modules and directions allows a better differentiation between stable and unstable areas and thus the
recognition of landslide areas. This methodology can be employed in the study of landslide activity in
olive groves and other similar areas.

Future work will deal with advances in the methodology, regarding the reduction of ground
control points and applying methods of direct orientation and other techniques of automatic detection
of surface motions based on expert classification techniques from DSMs and images even in complex
areas. Other sensors can be incorporated both in the spectral domain (i.e., near and thermal infrared
sensors) and in the geometric domain (LiDAR and RADAR). Even terrestrial probes (rain, humidity,

290



Remote Sens. 2016, 8, 837

movement) in wireless networks (WSN) can be used. Other areas of interest will include the mapping
and analysis of morphological features, such as cracks, scarps, steps and landslide limits.
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Abstract: Mapping of landslides, quickly providing information about the extent of the affected
area and type and grade of damage, is crucial to enable fast crisis response, i.e., to support rescue
and humanitarian operations. Most synthetic aperture radar (SAR) data-based landslide detection
approaches reported in the literature use change detection techniques, requiring very high resolution
(VHR) SAR imagery acquired shortly before the landslide event, which is commonly not available.
Modern VHR SAR missions, e.g., Radarsat-2, TerraSAR-X, or COSMO-SkyMed, do not systematically
cover the entire world, due to limitations in onboard disk space and downlink transmission rates.
Here, we present a fast and transferable procedure for mapping of landslides, based on change
detection between pre-event optical imagery and the polarimetric entropy derived from post-event
VHR polarimetric SAR data. Pre-event information is derived from high resolution optical imagery
of Landsat-8 or Sentinel-2, which are freely available and systematically acquired over the entire
Earth’s landmass. The landslide mapping is refined by slope information from a digital elevation
model generated from bi-static TanDEM-X imagery. The methodology was successfully applied to
two landslide events of different characteristics: A rotational slide near Charleston, West Virginia,
USA and a mining waste earthflow near Bolshaya Talda, Russia.

Keywords: landslide; change detection; SAR polarimetry; PolSAR; object-based image analysis;
OBIA; TanDEM-X

1. Introduction

Large landslides are a global phenomenon, causing damage and casualties [1]. Landslides arouse
emergency situations when urban areas or man-made constructions, such as buildings, bridges,
railroads, and roads, are affected. Rapid mapping of landslides is crucial to detect the extent of
the affected area, including grade and type of damage. Rapid mapping is a key element of fast
crisis response, e.g., to support rescue, humanitarian, and reconstruction operations in the crisis
area [2]. Therefore, Earth Observation (EO) based on satellite remote sensing plays a key role
due to its fast response, wide field of view, and relatively low cost [3]. (Semi)-automatic landslide
mapping based on satellite EO data provides an important information source to support field surveys.
Furthermore, during rapid to very rapid events, i.e., deformation rates in the order of several meters
per hour [4], access to the landslide area may be too difficult, making field surveys too dangerous [5].

The most frequently used EO data for rapid mapping of landslides is very high-resolution (VHR)
optical satellite imagery [6–8]. A common way for landslide detection is the mapping of rapid changes
of the vegetation layer derived from vegetation indices calculated for pre- and post-event optical EO
imagery, e.g., [9–15].

Remote Sens. 2016, 8, 307 295 www.mdpi.com/journal/remotesensing



Remote Sens. 2016, 8, 307

However, as heavy rain events are one of the most frequent triggers for landslides, i.e., there is a
high probability of cloud coverage right after the event, optical EO data is not always useful for rapid
mapping applications [16,17]. The advantages of SAR compared to optical EO sensors are (I) the day
and night availability of this active sensor, and (II) its almost complete weather independency due
to its longer wavelength. In most cases, SAR EO data of a given crisis area is available earlier than
cloud-free optical imagery. Therefore, faster disaster response is enabled by SAR-based rapid mapping
procedures. However, for both optical and SAR sensors, the revisit time of the satellite has to be taken
into account [18].

In addition to satellite-based methods for landslide mapping, there are also other approaches
using for instance airborne laser altimetry (LiDAR), e.g., [19], or advanced field mapping techniques
such as the combination of a laser rangefinder binocular combined with a GPS receiver [20], are
described in the literature. Despite of their promising results, and contrary to satellite data-based
landslide mapping methodologies, those approaches are not suited for a world-wide use due to their
limited availability.

According to Czuchlewski et al. [21], one post-event single-polarized SAR image is insufficient
for distinguishing and mapping landslides. The investigation of the temporal development of the
interferometric coherence by analyzing a time-series of SAR imagery, including pre- and post-event
imagery in the data stack, enables landslide detection, e.g., [22,23]. While multi-temporal SAR
interferometry enables long-term monitoring of extremely slow and very slow movements, e.g., [24–26],
speckle tracking approaches are able to measure higher deformation rates (up to tens of meters) [27].

Polarimetric SAR (PolSAR) data of at least two polarizations (dual-pol) provides more information
on the ground, which enables a better land cover classification and landslide mapping. Quad-pol data,
containing the full polarimetric backscattering (i.e., all four combinations of horizontal (H) and vertical
(V) polarized waves) allows the most accurate land cover mapping [28] using SAR data.

Based on airborne L- and P-band quad-pol imagery, Rodriguez et al. [29] analyzed changes in the
pedestal height and the Radar Vegetation Index (RVI) over time to detect landslides in Taiwan, which
were triggered by the 1999 Chi-Chi earthquake.

Cui et al. [30] investigated landslides in earthen levees by means of a multi-classifier decision
framework for textural features (grey level co-occurrence matrix) derived from multi-polarized
SAR imagery.

Plank et al. [31] compared object-based landslide detection methods based on PolSAR (dual-pol
TerraSAR-X) and VHR optical imagery for a case study in Taiwan. The PolSAR procedure is based
on a textural analysis with focus on the Normalized Difference Standard Deviation (NDSD) of the
calibrated intensities of both polarimetric channels.

Decomposition procedures based on quad-pol SAR imagery, such as the Freeman-Durden
decomposition [32] and the further enhancement of it, the Yamaguchi decomposition [33,34], allow the
derivation of surface (e.g., bare surfaces), volume (e.g., vegetation) and double-bounce (e.g., man-made
objects and at tree trunks) scattering components. Watanabe et al. [35], Yamaguchi [36], Shibayama
and Yamaguchi [16,37] report landslide detection procedures by detecting changes of the polarimetric
scattering components. Landslides in vegetated areas cause a decrease of volume scattering, i.e.,
a loss of vegetation, and an increase of surface scattering (bare surfaces). Shibayama et al. [38]
found that the local incidence angle has high influence on landslide detection based on polarimetric
scattering analysis.

In addition to the aforementioned Freeman-Durden decomposition, Yonezawa et al. [39]
investigated also the change of the entropy/anisotropy/alpha (H/A/α) decomposition [40] in pre-
and post-event ALOS/PALSAR imagery. H showed lower values for landslide areas than for forested
areas. However, farmlands showed similar low values of H as landslides, making the differentiation of
these classes very difficult.

Except for [30,31], all aforementioned landslide detection procedures are based on change
detection approaches of pre- and post-event VHR SAR imagery, requiring identical imaging geometries
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of both acquisitions. However, VHR archive SAR imagery acquired shortly before a landslide event,
especially at the same image acquisition geometry as the next possible post-event imagery, is in
most cases not available. Modern VHR SAR missions, such as TerraSAR-X, COSMO-SkyMed, or
RADARSAT-2, do not systematically cover the entire world. Each acquisition has to be programmed
manually. Furthermore, due to limited disk space on board the satellites and especially due to limited
downlink transmission rates, these sensors are not able to provide worldwide coverage within a short
time period—i.e., commonly, no archive image recorded shortly before the event is available. Here, we
present a fast and transferable landslide detection methodology based only on post-event VHR PolSAR
imagery supported by freely available and systematically-acquired pre-event high-resolution (HR)
optical data. The post-event VHR PolSAR acquisition can be programmed before the next overpass of
the satellite after the landslide event, independent of any geometrical restrictions by a pre-event SAR
imagery. The proposed landslide mapping procedure is a semi-automatic change detection approach
based on pre-event HR optical imagery of Landsat-8 or Sentinel-2 and post-event VHR PolSAR data
(e.g., TerraSAR-X) acquired shortly after the event.

The methodology was successfully applied to two case studies of different characteristics: first, a
rotational slide, which occurred on 12 March 2015 at the Yeager Airport near Charleston, West Virginia,
USA was investigated. Second, the methodology was tested at a mining waste landslide event, which
occurred on 1 April 2015 near Bolshaya Talda, Kemerovo Oblast, Russia (cf. Section 2).

Section 3 describes the developed landslide mapping methodology. Section 4 describes and
discusses the results of both test sites. Finally, a conclusion and outlook is given in Section 5.

2. Study Sites and Data

Two landslide events are studied. The first one occurred at the Yeager Airport landslide,
Charleston, West Virginia, USA. The second one is a mining waste landslide near Bolshaya Talda,
Kemerovo Oblast, Russia.

On 12 March 2015, a large-scale landslide occurred at an artificial slope at the Yeager Airport.
The airport, completed in 1947, was constructed atop seven semi-connected hilltops. In 2005, due to
new Federal Aviation Administration (FAA) safety regulations, the construction of an Engineered
Material Arrestor System (EMAS) was necessary. Therefore, the Yeager Airport had to be extended,
leading to the construction of a large artificial slope, being the tallest geosynthetic reinforced slope in
North America (horizontal/vertical ratio of 1:1). The construction of the slope was finished in 2007 [41].
The construction of this large artificial slope is described in detail in [42]. The functionality of the
EMAS was successfully put to the test on 19 January 2010: a US Airways flight bound for Charlotte
aborted takeoff. The CRJ 200 aircraft could not stop before the end of the runway. Fortunately, the jet
was stopped approximately 45 m from the edge of the slope by the EMAS. All 34 passengers and crew
survived the incident with only minor injuries reported.

First movements at the slope were noticed in June 2013. In the following time, the deformation
increased. On 12 March 2015, the slope failed. A secondary failure of the slope occurred on 13 April
2015 (Figure 1). The landslide can be described as rotational debris slide [4]. Further details on this
landslide event, as well as a video of the first slope failure, and a drone flight video recorded after the
first slope failure are available at the AGU landslide blog of Dave Petley [43]. These videos are also
attached to this article to guarantee long-term accessibility.

The available SAR data are two post-event TerraSAR-X HighResolution SpotLight (HS) dual-pol
(HH/VV) imagery, acquired on 25 March 2015 (after the first slope failure) and on 16 April 2015 (after
the second slope failure). In addition, one pre-event Landsat-8 imagery acquired on 15 January 2015
was used (cf. Table 1).
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(a) 

(d) (b) 

(c) (e) 

Figure 1. (a) Pre-failure photograph of the Yeager Airport [42]; (b) top of the landslide, showing the
remains of the EMAS (white) and the geosynthetic reinforcements (Marcus Constantino, Charleston
Gazette 12 March 2015 [44]); (c) the remains of the Keystone Apostolic Church, which was damaged by
the landslide (Tyler Bell, Charleston Gazette 13 March 2015 [45]); (d) after the 2nd slope failure (F. Brian
Ferguson, Charleston Gazette 13 April 2015 [46]); and (e) rolling up of asphalt at the toe of the landslide
(Rusty Marks, Charleston Gazette 13 April 2015 [46]).

The second landslide, to which the developed landslide mapping procedure is applied on, is a
large mining waste landslide, which occurred near a road between Novokuznetsk and Bolshaya Talda,
Kemerovo Oblast, Russia. This landslide occurred on 1 April 2015 at 1 p.m. local time [47]. It can be
described as a very rapid earthflow [4]. Unfortunately, no further details about this landslide event are
available. However, an interesting video of the landslide is available and provided with this article
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(Source: [47]). Two post-event TerraSAR-X HS dual-pol (HH/VV) SAR imagery acquired on 26 April
and 14 August 2015, as well as one pre-event optical Landsat-8 image acquired on 14 September 2014,
were available for the analysis (cf. Table 1).

Table 1. Timeline of the landslide events and used satellite imagery.

Study Site Date of Event
Acquisition

Date
Satellite 1 Relative Orbit

2 Polarization

Yeager Airport

- 2 April 2014 TanDEM-X 226/Asc. HH
- 15 January 2015 Landsat-8 18/33 -

1st failure: 12
March 2015 25 March 2015 TerraSAR-X 44/Asc. HH/VV

2nd failure 13
April 2015 16 April 2015 TerraSAR-X 44/Asc. HH/VV

Bolshaya Talda
- 14 September

2014 Landsat-8 146/22 -

1 April 2015 26 April 2015 TerraSAR-X 14/Desc. HH/VV
14 August 2015 TerraSAR-X 14/Desc. HH/VV

1 TanDEM-X data was acquired in bi-static mode used for DEM generation; TerraSAR-X imagery was
acquired in HighResolution SpotLight (HS) mode: 1.2 m (range) ˆ 2.2 m (azimuth) spatial resolution;
Landsat-8 provides imagery in 15 m (pan) and 30 m (multi-spectral) spatial resolution; 2 relative orbit: For
Landsat-8: WSR-Path/WSR-Row; for TerraSAR-X: Relative orbit/Path direction with ascending (Asc.) and
descending (Desc.).

3. Method

The basic principle of the methodology proposed in this article is to detect landslides via
change detection of freely available, systematically-acquired HR optical pre-event and VHR PolSAR
post-event imagery. Figure 2 shows the flowchart of the procedure. Assuming land cover changes
due to a landslide event, i.e., destruction and removal of the vegetation cover the first step (I) of the
object-oriented procedure is the pre-selection of formerly-vegetated areas based on the Normalized
Difference Vegetation Index (NDVI) of the multispectral pre-event imagery (e.g., Landsat-8 or
Sentinel-2). (II) Next, after polarimetric speckle filtering using the edge-preserving refined Lee filter,
(III) the H/α decomposition is applied to the post-event polarimetric SAR image to detect, within the
pre-selected areas, regions characterized by low entropy (H) values, i.e., evidence of bare soil or rock
(landslide material). (IV) Then, assuming a minimum slope value δ ě 20˝ (cf. Section 3.4) as a necessary
requirement for a landslide event, the landslide detection map is refined accordingly. (V) Finally, to
reduce the number of false classifications, all detected landslides smaller than a minimum mapping
unit (MMU) are excluded (cf. Section 3.4).

3.1. Pre-Event Imagery: Selection of Vegetated Areas

Cloud-free optical (multispectral, MS) pre-event imagery is used to derive vegetated areas prior
to the landslide event. Landsat-8 or the recently launched Sentinel-2 sensor are the preferred sources
as their imagery is freely available and systematically acquired with a high repetition rate of five days
(Sentinel-2 constellation) to 16 days (Landsat-8). In the ideal case, the optical imagery is acquired
shortly before the landslide event. However, due to too high cloud coverage no useful imagery might
be available, and optical imagery acquired one year before the event could be used. To minimize
seasonal effects on the change detection procedure described below, it is important to use optical data
acquired in the same season as the PolSAR imagery.

By using data of MS sensors working in the visible and near infrared (NIR) region of the
electromagnetic spectrum, one is able to calculate the NDVI, being a proxy for the site’s vegetation
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density and greenness [48–50]. The NDVI uses the difference of the vegetation signature between the
RED (0.6–0.7 μm) and NIR (0.7–1.1 μm) channel (Equation (1)) [51]:

NDVI “ NIR ´ RED
NIR ` RED

(1)

The rationing concept makes the NDVI independent of the illumination, atmospheric effects,
topography, etc. Consequently, NDVI images acquired at different dates can be compared. The NDVI
ranges from ´1 to +1. As water has commonly no reflection in infrared, its NDVI is ´1. The NDVI
value of bare areas (rock, sand, and snow) is less than +0.1. The NDVI increases with vegetation
density (NDVI range +0.1 to +0.7) [50]. Vegetated areas in the MS pre-event imagery are selected by
setting NDVI > +0.1 as threshold.

 

Figure 2. Workflow of the landslide detection procedure based on post-event polarimetric SAR and
pre-event optical imagery.

3.2. Post-Event Imagery: Selection of Bare Areas

The selection of bare areas (i.e., possible landslide areas) by means of the post-event VHR PolSAR
imagery requires several pre-processing steps, which are described in the following.

3.2.1. Polarimetric Speckle Filtering

The speckle effect, which is caused by the interference of the coherent reflected SAR waves of
many individual scatterers within a resolution cell, complicates visual interpretation and classification
of SAR images. The natural environment, characterized by distributed targets, is mainly affected by
the speckle effect. To reduce this effect, polarimetric speckle filtering using the refined Lee filter is
applied [52,53]. This filter aims to preserve the structure of the image, i.e., the edges, while filtering
homogenous areas. The correlation between the different polarizations is conserved. The refined Lee

300



Remote Sens. 2016, 8, 307

filter searches for edges in eight directions: in the vertical, horizontal, and two diagonal directions.
A kernel window of 7 ˆ 7 pixels is used. Then, the covariance matrix is filtered.

3.2.2. Polarimetric Decomposition

Objects with different geometric and structural properties show different SAR backscatter.
Based on physical assumptions, polarimetric decomposition procedures aim to separate these
different backscatter types [54,55]. As dual-pol SAR imagery was available for this study, the H/α
decomposition proposed by Cloude and Pottier [40] was applied.

This decomposition is based on the eigenvalues λ and eigenvectors of the covariance matrix C,
which is shown in Equation (2) for the current dual-pol case (HH/VV):

xC2y “ x
«

|SHH|2 SHHSV̊V
SVVSH̊H |SVV |2

ff
y (2)

with the Sinclair-Matrix Sxy representing the two combinations of transmitted (index y) and received
polarization (index x). The superscript * denotes the complex conjugate.

α describes the type of backscattering. α values close to zero indicate domination of surface
scattering (single bounce scattering). α values around 45˝ show domination of volume scattering,
caused by multiple scattering inside a volume, such as the crown of a tree or dense vegetation [56].
High α values (up to 90˝) represent domination of double-bounce scattering (e.g., in urban area).
αm represents the mean of α1 and α2. The former describes the backscattering type of the dominant
scatterer and the latter the backscattering type of the second dominant one (Equation (3)):

αm “ 1
λ1 ` λ2

”
λ1 λ2

ı «
α1

α2

ff
(3)

The heterogeneity of the scattering is represented by the entropy H, which ranges from 0 to 1
(Equation (4)). H = 0 indicates a dominant scatterer such as a corner reflector. H << 1 indicates natural
areas free of vegetation, i.e., bare soil/rocks and landslide material. High H values with H close to 1
represent a random mixture of scattering mechanisms, e.g., multiple scattering inside the crown of a
tree. Therefore, high H values are an indicator of vegetated areas such as forests.

H “ ´1
λ1 ` λ2

”
λ1 λ2

ı
log2

˜
1

λ1 ` λ2

«
λ1

λ2

ff¸
(4)

Rapid landslides [4] remove the vegetation cover. Therefore, the entropy H can be used to detect
possible landslides, which are characterized by low H values.

The use of α for landslide detection is more critical, especially in the dual-pol case, which is
investigated in this study. As shown for the Yeager Airport landslide, the landslide is indistinguishable
in the α image (Figure 3). Landslide material is very heterogeneous. Depending on the geological and
environmental setting, landslide material may consist of rocks and debris of different size, as well as
trunks and branches of fallen trees. Consequently, within a landslide body, α could show high variable
values: α close to zero for rocks/debris and α close to 90˝ for tree trunks. Therefore, in the following
only H is used to differ between landslides and areas not affected by landslides.

The change detection described in Section 3.3 requires all imagery to be in the same coordinate
system. Therefore, the H image is orthorectified and map projected, i.e., transformed from the typical
SAR geometry (range/azimuth) into a projected coordinate system.
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Figure 3. Yeager Airport: (a) α angle and (b) polarimetric entropy H computed from the post-event
dual-pol TerraSAR-X (acquired on 25 March 2015). As described above, the landslide is well
recognizable in the H image but not in the α image. The black/pink polygon marks the reference
landslide derived by visual interpretation and manual digitization of the TerraSAR-X imagery.

3.3. Change Detection: Mapping of the Landslides

The landslides are detected by change detection of the aforementioned pre-event NDVI (cf.
Section 3.1) and the post-event H derived from the VHR PolSAR imagery. The basic concept of the
proposed methodology is to detect areas free of vegetation based on low H values at time tpost, which
were previously covered by vegetation, i.e., NDVI > +0.1 at time tpre. This change detection is executed
in an object-based image analysis (OBIA) environment using the Cognition Network Language (CNL).
First, the H image is segmented using the multiresolution approach based on the Fractal Net Evolution
Approach (FNEA) [57,58]. The developed procedure described above uses a scale parameter of 10.
The scale parameter is an abstract value to determine the maximum possible change of heterogeneity
with no direct correlation to the object size measured in pixels [59]. A compactness (ranging from 0
to 1) value of 0.5 is chosen. The features of interest are natural ones. Therefore, the shape parameter,
ranging from 0 to 1 was set to 0.1.

All thresholds mentioned in the following are mean values for the generated objects, with X
representing the mean value of all pixels within a certain object for variable X. There are three
possible cases (Equation (5)). Based on empirical tests, H ď 0.8 turned out to be best suited to detect
landslide areas.

# NDVItpre ď `0.1 areas free of vegetation at time tpre

NDVItpre ą `0.1 Λ Htpost ď 0.8 landslide candidate
NDVItpre ą 0.1 Λ Htpost ą 0.8 no landslide candidate

(5)

Areas of NDVI ď +0.1 are free of vegetation at time tpre and are not considered in the following.
Based on a threshold of NDVI > +0.1 vegetated areas at the time tpre before the landslide event are
selected (cf. Section 3.1). Then, the polarimetric entropy H (cf. Section 3.2.2) is investigated for the areas,
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which were vegetated at time tpre. Low H values indicate areas free of vegetation, such as landslide
material. Consequently, objects are selected as landslide candidates if they are covered by vegetation
at tpre but are free of vegetation at tpost, i.e., if NDVItpre ą `0.1 Λ Htpost ď 0.8 is true (Equation (5)).

3.4. Refinement of Classification by Topographic Information

Assuming a minimum slope δ value as a necessary requirement for a landslide event, the landslide
detection map, described in Section 3.3, is refined as follows: only landslide candidates located at
δ ě 20˝ are selected as final landslides (Equation (6)).#

NDVItpre ą `0.1 Λ Htpost ď 0.8 Λ δ ě 20˝ final landslide
NDVItpre ą `0.1 Λ Htpost ď 0.8 Λ δ ă 20˝ no landslide

(6)

To detect the foot of a landslide region-growing into neighboring areas of H ď 0.8 and δ > 12˝ is
executed. Next, all neighboring landslide objects are merged to a common object.

As the Yeager Airport landslide took place on an artificial slope, which was constructed in
the year 2007 (cf. Section 2), the Shuttle Radar Topography Mission (SRTM) DEM [60] from the
year 2000 is too old and could not be used for the slope analysis at this site. Therefore, we used a
bi-static TanDEM-X [61] dataset acquired on 2 April 2014 to generate via SAR interferometric (InSAR)
analysis an up-to-date DEM of 12 m spatial resolution. Therefore, a more accurate measurement of the
pre-failure slope was obtained.

Analysis of optical imagery (Landsat, as well as GoogleEarth) showed that the second study site,
i.e., the mining waste landslide in Russia, is a very dynamic area with lots of changes that occurred
after the last TanDEM-X acquisition on 23 August 2012 over this area. Therefore, neither the SRTM
DEM nor a TanDEM-X DEM could be used for slope analysis in this area.

Finally, to decrease the number of false classifications, all detected landslides smaller than a
minimum mapping unit (MMU) of 30 m ˆ 30 m are excluded.

4. Results and Discussion

4.1. The Yeager Airport Landslide, Charleston, West Virginia, USA

First, the methodology is applied to Test Case 1: the Yeager Airport landslide, located near
Charleston, West Virginia, USA. Figures 4–6 show the results of the developed landslide detection
procedure based on pre-event optical Landsat-8 imagery and post-event polarimetric VHR TerraSAR-X
imagery acquired on 25 March 2015 (after the first failure of the slope) and 16 April 2015 (after the
second slope failure). Figures 5 and 6 demonstrate that the landslide is very well detected by the
classification. In the SAR image acquired on 25 March 2015, one can also see a small over classification
east of the landslide. At the SAR image acquired after the second slope failure the landslide detection
procedure was able to detect the main part of the landslide. However, the scarp area of the landslide
is not detected. Here, the second slope failure extended the scarp area of the landslide. At this very
steep part, geometric distortions such as layover and foreshortening occurred, changing the SAR
backscattering values, which influence the landslide detection procedure.
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Figure 4. Overview image of the Yeager Airport landslide. TerraSAR-X data acquired on 25 March
2015 serves as background image. The orange box shows the area of the Figures 5 and 6. TerraSAR-X ©
2015 German Aerospace Center (DLR), 2015 Airbus Defence and Space/Infoterra GmbH.

Figure 5. Results (red) of the landslide detection procedure at the Yeager Airport based on post-event
dual-pol TerraSAR-X (acquired on 25 March 2015; background image) and pre-event optical Landsat-8
(15 January 2015) imagery. The green polygon marks the reference landslide derived by visual
interpretation and manual digitization of the TerraSAR-X imagery. TerraSAR-X © 2015 German
Aerospace Center (DLR), 2015 Airbus Defence and Space/Infoterra GmbH.
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Figure 6. Result (red) of the landslide detection procedure at the Yeager Airport based on post-event
dual-pol TerraSAR-X (acquired on 16 April 2015; background image) and pre-event optical Landsat-8
(15 January 2015) imagery. The green polygon marks the reference landslide derived by visual
interpretation and manual digitization of the TerraSAR-X imagery. TerraSAR-X © 2015 German
Aerospace Center (DLR), 2015 Airbus Defence and Space/Infoterra GmbH.

Table 2 shows the accuracy values of the methodology applied to the Yeager Airport landslide at
the two stages of the landslide event. We applied an area-based accuracy assessment. The classification
results are compared to a polygon of the landslide derived by visual interpretation of the SAR image
and manual digitization. The landslide boundary is clearly visible in the SAR image due to its different
roughness compared to the surroundings. Furthermore, photographs taken in the field or by airplanes
(Figure 1), as well as the drone video (Supplementary Materials S2), were used to refine the reference
polygon of the landslide.

Table 2. Classification accuracies for the Yeager Airport landslide (12 March and 13 April 2015). Overall
accuracy (OA), user’s (UA), and producer’s accuracy (PA).

Date OA [%]
PA Landslide

[%]
UA Landslide

[%]
PA Other

[%]
UA Other

[%]
KHAT

25 March 2015 99.9 87.0 67.4 99.9 100.0 +0.759
16 April 2015 99.9 64.3 66.9 99.9 99.9 +0.655

It is important to note that not only the relatively small areas shown in Figures 3–9 were considered
for the validation procedure, but the entire TerraSAR-X HS scene (5 km azimuth ˆ 10 km ground
range). The values of the confusion matrix are described as follows: the overall accuracy (OA), ranging
from 0%–100%, describes the ratio of correctly classified area units (e.g., pixels) to the total number of
pixels of the satellite scene. The producer’s accuracy (PA), ranging from 0%–100%, gives the percentage
of reference data detected by the classification, while the user’s accuracy (also ranging from 0%–100%)
describes the percentage of the classification matching with the reference data. Finally, the KHAT
statistics gives information about the strength of the correlation between the classification result and the
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reference data. The KHAT coefficient ranges from 0, representing a completely random match between
classification result and reference data, to +1, representing no random match between classification
result and the reference [62].

The OA, as well as the values UA and PA, of the class other are very high (99.9%). This is due to
a two-class problem, i.e., landslide and other (areas not affected by landslides), with the percentage
area of the latter being much higher than the percentage area coverage of landslide. Consequently, the
interesting parameters of the accuracy assessment are the UA and PA values of the landslides class.

The good matching between the landslide classification result and the reference data, shown
in Figure 5 for the SAR image acquired after the first slope failure, is reflected by the high UA and
PA values of the landslide class of ca. 64% and 87%, respectively (cf. Table 2). Contrary to this, the
classification results of the image acquired after the second slope failure clearly show lower values for
the landslide class PA while the landslide class UA is stable. The KHAT coefficient of the two SAR
acquisitions shows a similar behavior.

4.2. Mining Waste Landslide near Bolshaya Talda, Kemerovo Oblast, Russia

Second, the methodology is applied to Test Case 2: the mining waste landslide near Bolshaya
Talda, Kemerovo Oblast, Russia. Figure 7 shows a false color composite pre-event Landsat-8 imagery
acquired on 14 September 2014 of the mining waste site.

 
Figure 7. Landsat-8 pre-event imagery (14 September 2014) of the Russian mining waste site
(NIR/Red/Green). The mining area (cyan) is free of vegetation. Landsat-8 © USGS 2014.

The landslide was covered twice by dual-pol TerraSAR-X HS imagery: On 26 April 2015 and
14 August 2015. Figures 8 and 9 show the corresponding classification results of the developed landslide
detection procedure as well as the reference data derived by visual interpretation, i.e., visual change
detection between the pre-event optical HR and post-event SAR image data, and manual digitization.
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Figure 8. Result (red) of the landslide detection procedure at the Russian mining waste site based on
post-event dual-pol TerraSAR-X (acquired on 26 April 2015; background image) and pre-event optical
Landsat-8 (14 September 2014) imagery. Green: Reference derived by visual interpretation and manual
digitization of the TerraSAR-X imagery. TerraSAR-X © 2015 German Aerospace Center (DLR), 2015
Airbus Defence and Space/Infoterra GmbH.

 

Figure 9. Result (red) of the landslide detection procedure at the Russian mining waste site based
on post-event dual-pol TerraSAR-X (acquired on 14 August 2015; background image) and pre-event
optical Landsat-8 (14 September 2014) imagery. Green: reference derived by visual interpretation and
manual digitization of the TerraSAR-X imagery. TerraSAR-X © 2015 German Aerospace Center (DLR),
2015 Airbus Defence and Space/Infoterra GmbH.
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The figures clearly show that the developed methodology is only able to detect parts of the
landslide. UA values of the landslide class are very high, with ca. 90%, i.e., most of the classification
results are correct. However, the low PA values (landslide class) show that only ca. 50% of the real
landslide area is detected (Table 3). The reason for this is that the methodology assumes that the
landslide area was covered by vegetation before the landslide event. However, this is only true for
the area at the foot of the landslide, where the landslide ran over an area outside of the mining waste
area (formerly vegetated area). The landslide moved from east to west. The mining waste area itself is
free of vegetation and, therefore, shows low NDVI values in the pre-event optical imagery (Figure 7).
Therefore, the developed methodology is not able to detect the part of the landslide which occurred
inside the mining waste area. Furthermore, the entropy H, alone, would only detect the entire mining
waste area and not only the landslide area, as the entire mining waste area is characterized by low H
values, i.e., the area is free of vegetation (bare soil).

Table 3. Classification accuracies for the Russian mining waste landslide (01 April 2015). Overall
accuracy (OA), user’s (UA), and producer’s accuracy (PA).

Date OA [%]
PA Landslide

[%]
UA Landslide

[%]
PA Other

[%]
UA Other

[%]
KHAT

26 April 2015 96.8 48.2 89.6 99.7 97.0 +0.612
14 August 2015 96.8 49.7 90.0 99.7 97.0 +0.625

When considering only the area outside of the original mining site as affected landslide area, the
PA of the landslide class increases to 83%–90%, while the UA of the landslide class slightly decreases
(Table 4).

The developed landslide detection methodology based on post-event polarimetric VHR SAR
imagery showed promising accuracy values. However, the limitation of this methodology is that only
landslides at slopes previously covered by vegetation can be detected.

Table 4. Classification accuracies for the Russian mining waste landslide (1 April 2015). Only landslide
material outside the original mining site is treated as a landslide. Overall accuracy (OA), user’s (UA),
and producer’s accuracy (PA).

Date OA [%]
PA Landslide

[%]
UA Landslide

[%]
PA Other

[%]
UA Other

[%]
KHAT

26 April 2015 98.8 83.1 76.4 99.3 99.5 +0.790
14 August 2015 99.1 90.0 81.6 99.4 99.7 +0.850

4.3. General Discussion

Other landslide detection methodologies reported in the literature are based on change detection
approaches using pre- and post-event PolSAR imagery [16,29,35,37,39,63]. As the side-looking
geometry of SAR systems causes geometric distortions (e.g., shadowing, foreshortening, etc.) identical
acquisition geometries for pre- and post-disaster imagery are required for change detection applications.
However, as mentioned in Section 1, VHR archive SAR imagery acquired shortly before a disaster
event, in particularly at the same image geometry as the next possible post-event acquisition, is in
most cases not available. The advantage of the methodology presented in this article is that in addition
to freely available and systematically acquired pre-event HR optical imagery only post-event VHR
PolSAR is required, which can be programmed before the next overpass of the satellite, independent
of any geometrical restrictions by a pre-event SAR imagery. Nevertheless, to guarantee useful image
acquisition geometries, i.e., to decrease the influence of layover and shadowing effects, the terrain
and the slope’s orientation in space should be considered [64]. Also, the procedure proposed in the
current article is based on change detection. Contrary to the aforementioned studies, we use an optical
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HR imagery, which is systematically acquired and freely available for the entire Earth’s landmass (cf.
Section 3.1).

Compared to other published procedures, which apply a pixel-based classification of the
PolSAR imagery, e.g., [16,29,35,37], the proposed OBIA methodology enables an incorporation of
optical pre-event imagery and also the additional use of DEM data, which strongly increases the
classification accuracy.

According to Shimada et al. [17] and Dabbiru et al. [65], L-band is better suited for landslide
detection than X-band, as due to its longer wavelength, L-band is characterized by a better penetration
through the forest canopy. On the other hand, the shorter wavelength of X-band enables the acquisition
of higher spatial resolution imagery compared to L-band. Consequently, smaller and thinner landslides
are only detectable by X-band. In summary, one has to find a compromise between the degree of
penetration through vegetation (i.e., detection of landslide mass under tree canopy) and spatial
resolution (i.e., detection of smaller landslides, not covered by vegetation)—and data availability.
L-band imagery is currently only provided by ALOS-2/PALSAR-2. However, its imagery is acquired
at a pre-planned acquisition schedule. Contrary to this, X-band satellite missions, such as TerraSAR-X,
acquire imagery after an on demand tasking, enabling a very flexible acquisition and fast reaction in
case of a disaster, e.g., a landslide event. Therefore, this article presented a methodology based on
VHR X-band PolSAR imagery.

The most important information for the landslide identification is the polarimetric entropy H
derived from the post-event SAR imagery. As shown in Table 1, the proposed methodology is based on
TerraSAR-X HS imagery of 1.2 m (range) ˆ 2.2 m (azimuth) spatial resolution. Based on our experience
we can report that landslides with a minimum size of 30 m ˆ 30 m are detectable using only VHR
PolSAR imagery. The pre-failure information on vegetation cover can be derived from 10 m to 30 m
spatial resolution optical imagery (e.g., Sentinel-2 or Landsat-8). The aforementioned MMU of 30 m
ˆ 30 m was also chosen to consider the spatial resolution of Landsat-8. Since very small landslides
as mentioned above cover only 1 to 9 pixels in the optical imagery, it is very difficult to identify such
landslides in the optical imagery itself. However, this does not influence the results of the methodology,
as the optical data is only used to derive NDVI information for selecting pre-failure vegetated slopes.
The segmentation of the OBIA approach is based on the higher spatial resolution PolSAR imagery (cf.
Section 3.3).

The proposed landslide detection methodology is based on change detection between pre-event
optical and post-event PolSAR imagery. The change we focus on is the removal of the vegetation cover
by the landslide. However, as slow-moving slides and slide-earth flows often still preserve entire
portions of undisturbed vegetation cover, the proposed methodology is limited to the detection of rapid
and faster movements [4], i.e., to the detection of landslides where the vegetation cover was removed.

Czuchlewski et al. [21] used VHR L-band airborne SAR imagery of full polarization to map
landslides after the 1999 Chi-Chi earthquake in Taiwan. Despite of their promising results, a worldwide
applicability of airborne PolSAR sensors is not feasible. Only satellite-based remote sensing enables
fast response to disasters with global applicability.

Quad-pol imagery provides more information on the backscattering characteristics than dual-pol
imagery. In general, the former achieves higher classification accuracies [28]. The methodology
proposed in the current article is based on TerraSAR-X imagery. This SAR sensor provides only
dual-pol imagery in operational mode (quad-pol data are only available in an experimental mode).
Nevertheless, Sections 4.1 and 4.2 showed that high accuracy values can be achieved even with
dual-pol imagery.

5. Conclusions

This article presented a fast and transferable methodology for landslide detection. The procedure
combines post-event Very High Resolution (VHR) Polarimetric Synthetic Aperture Radar
(PolSAR) imagery of TerraSAR-X with pre-event multispectral imagery of Landsat-8 or Sentinel-2.
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First, vegetated slopes are selected in the pre-event imagery using the Normalized Difference
Vegetation Index (NDVI) and a Digital Elevation Model (DEM). Second, based on the post-event
VHR PolSAR imagery, areas of low polarimetric entropy H, derived by the entropy/alpha (H/α)
polarimetric decomposition, are extracted. Low H values represent areas free of vegetation, e.g., areas
covered by landslide material, whereas high H values are characteristic for densely vegetated areas,
such as forests. Landslides are detected by change detection between the pre-event optical and the
post-event PolSAR imagery. More precisely, possible landslides are areas, which are characterized by a
high NDVI value in the pre-event imagery and a low H value in the post-event acquisition.

The developed landslide detection procedure is characterized by the following advantages:

1. The utilization of SAR imagery allows fast response in a crisis situation due to the day/night
availability and almost complete weather independency of the SAR system. As heavy rain events
are an important trigger for landslides, optical sensors, relying on a cloud-free sky to be able to
provide a useful imagery are, in many cases, not suited.

2. The presented methodology requires only freely-available and systematically-acquired pre-event
optical high resolution imagery and post-event VHR PolSAR imagery. Other landslide mapping
procedures, which are based on change detection using SAR imagery, require pre- and post-event
VHR SAR imagery. However, the VHR archive SAR imagery acquired shortly before a landslide
event are, in most cases, not available. This is especially true when a certain imaging geometry is
required determined by the next possible SAR acquisition over the crisis area. Modern VHR SAR
missions, such as COSMO-SkyMed, TerraSAR-X, or RADARSAT-2 do not systematically cover
the entire Earth’s landmass.

3. The methodology proposed in this article is also based on change detection. However,
high-resolution optical imagery of Landsat-8 or Sentinel-2 is used as pre-event information.
As these imagery are freely available and systematically acquired on the entire Earth’s landmass
at high repetition rates (cf. Section 3.1), it is guaranteed that useful, i.e., cloud-free, pre-event
imagery is available for the entire Earth’s landmass. In the ideal case, the optical imagery is
acquired shortly before the landslide event. However, in cases where cloud coverage is too high,
cloud-free optical imagery acquired at the same season one year before could be used.

The methodology was successfully applied to two landslide case studies of different characteristics:
a rotational slide near Charleston, West Virginia, USA, which occurred on 12 March 2015, and a mining
waste earthflow near Bolshaya Talda, Russia, which occurred on 1 April 2015.

In the future, the developed methodology will be applied and tested on further upcoming
landslide events, also including applicability tests during rapid mapping activities of DLR’s Center
for Satellite Based Crisis Information (ZKI). In addition to the Landsat-8 data utilized in this study,
imagery of the recently launched Sentinel-2 will also be employed as pre-event information.

Supplementary Materials: The following are available online at www.mdpi.com/2072-4292/8/4/307/s1,
Video S1: First slope failure of the Yeager Airport landslide (from AGU landslide blog of Dave Petley [43]),
Video S2: Drone flight over the Yeager Airport landslide (AGU landslide blog of Dave Petley [43]), Video S3:
Moving landslide mass at Bolshaya Talda mining waste landslide (It is originally from [47]).
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Abbreviations

The following abbreviations are used in this manuscript:

ALOS Advanced Land Observing Satellite
CNL Cognition Network Language
DEM Digital Elevation Model
DLR German Aerospace Center
EMAS Engineered Material Arrestor System
EO Earth Observation
FAA Federal Aviation Administration
FNEA Fractal Net Evolution Approach
HR High Resolution
HS HighResolution SpotLight
InSAR Synthetic Aperature Radar Interferometry
LiDAR Light Detection And Ranging
MS Multispectral
NDVI Normalized Difference Vegetation Index
NIR Near-Infra-Red
OA Overall Accuracy
OBIA Object-Based Image Analysis
PA Producer’s Accuracy
PALSAR Phased Array type L-band Synthetic Aperture Radar
PolSAR Polarimetric Synthetic Aperture Radar
RVI Radar Vegetation Index
SAR Synthetic Aperture Radar
SRTM Shuttle Radar Topography Mission
UA User’s Accuracy
USGS United States Geological Survey
VHR Very High Resolution
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Abstract: In this study, six different periods of digital terrain model (DTM) data obtained from
various flight vehicles by using the techniques of aerial photogrammetry, airborne LiDAR (ALS),
and unmanned aerial vehicles (UAV) were adopted to discuss the errors and applications of these
techniques. Error estimation provides critical information for DTM data users. This study conducted
error estimation from the perspective of general users for mountain/forest areas with poor traffic
accessibility using limited information, including error reports obtained from the data generation
process and comparison errors of terrain elevations. Our results suggested that the precision of
the DTM data generated in this work using different aircrafts and generation techniques is suitable
for landslide analysis. Especially in mountainous and densely vegetated areas, data generated by
ALS can be used as a benchmark to solve the problem of insufficient control points. Based on DEM
differencing of multiple periods, this study suggests that sediment delivery rate decreased each
year and was affected by heavy rainfall during each period for the Meiyuan Shan landslide area.
Multi-period aerial photogrammetry and ALS can be effectively applied after the landslide disaster
for monitoring the terrain changes of the downstream river channel and their potential impacts.

Keywords: Airborne LiDAR (ALS); unmanned aerial vehicles (UAV); photogrammetry; digital
elevation model (DEM) differencing; swath profile

1. Introduction

Multi-source, multi-period DTM data are not only a critical tool for research on the mechanism of
landslides, but also considered as greatly useful information regarding active faults, earthquake
disasters [1–4], and flooding/river bank erosion [5]. When it comes to the comparison of this
type of terrain information, error estimation of data obtained in various periods using various
techniques becomes crucial. Almost every technology, including theodolites, GPS, photogrammetry,
InSAR, airborne LiDAR (ALS), and ground LiDAR, has its application ranges and restrictions in
terms of spatial and time scales when employed to obtain 3-D terrain data [6,7]. By comparing
the information with various precision and resolution methods that are collected during different
periods, these multi-method, multi-period data of digital terrain models (DTM) have been used in
landslide mechanism-related research [8], observations of surficial activity [9–11], landslide volume
calculations [12–14], and volume variation estimations [15], as well as disaster scale assessment and
simulation [16].

Most of the previous comparative studies on multi-period DTM data have adopted ground control
points, e.g., the discussion of landslide and river terrain variation by comparing the DTM data from
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ground measurements and those from aerial photogrammetry and ALS measurements [10,17–19],
analysis of river terrain variation and slope earthflows by contrasting between two-period [20,21] or
three-period [22] ALS data and ground measurement data, evaluation of earthflow terrain variation
using airborne and ground LiDAR data, and error assessment of these two techniques [23], using
InSAR-derived DTM to discuss terrain changes before and after the landslide event [7], and error
assessment based on the two LiDAR datasets of Taiwan [24]. All of these studies mentioned above
were conducted based on accessible ground measurement points. However, difficulties associated with
ground measurements might occur if the target areas were located on high and steep mountains
or densely vegetated areas, which could potentially affect the assessment of errors. Moreover,
Tseng et al. calculated errors based on the undisturbed areas [25] and regarded the standard deviation
of distribution of elevation difference as the average difference and error range of the two-period
digital elevation model (DEM), respectively. Such an assessment method tended to be affected by
the selected undisturbed areas. Hence, data obtained using different DTM generating techniques
under various terrains or landscapes could lead to varied errors, which would eventually impact the
rationality of the subsequent analysis or assessment.

Due to the highly unpredictable feature of landslide incidents, few practically measured landslide
volume values exist. Most research work conducted in the past evaluated slide volume by measuring
the landslide area on the obtained image and then estimating the average depth [26–28]. However,
the certainty of landslide depth is often difficult to evaluate due to the lack of terrain information
before the disaster, which would affect the accuracy of landslide volume estimation. As a result,
there also exist a number of studies where statistical/empirical equations, i.e., relations between area
and volume derived by compiling a large quantity of landslide cases, are used to approximate the
potential landslide volume based on a certain landslide area. Nevertheless, this type of method is
also restricted by various factors such as area features, landslide type, slope morphology, and rock
properties [29]. With the development of DTM data, it has become feasible to adopt various techniques
such as photogrammetry, ALS, and ground LiDAR, along with multi-period terrain information to
calculate landslide volume [10,12–16,19]. This work used the multi-period aerial photogrammetry,
UAV, and ALS techniques to explore the application of data generated from different techniques
in DEM differencing analysis after landslide hazards, as well as to calculate the earthflow volume
produced by massive landslides. Specifically, through error assessment of multi-source, multi-period
DTM data obtained from a densely-vegetated mountain area, this research attempted to examine the
applicability of various techniques in massive landslides under such terrain conditions. The landslide
volume and the subsequent volume variation were also calculated using DTM data from multiple
periods. This research enables researchers who apply multi-period DEMs to know more about the
characters, activities, and potential effects of landslides and, thereby, offering effective guidance on the
assessment of landslide hazards.

2. Materials and Methods

2.1. Study Area

In 2008, Taiwan region was struck by the massive rainfall brought by Typhoon Sinlaku. The
mountainous area in Central Taiwan received over 1000 mm of rainfall, with a maximum accumulated
precipitation of more than 1600 mm [29], which caused severe geological hazards in this area. The
restaurant buildings in the Lushan hot spring area in Nantou County collapsed and the Houfeng
Bridge in Taichung City was damaged by floods [30]. The Meiyuan Shan landslides (Figure 1) occurred
near Ren’ai Township, in Nantou County in Central Taiwan, near Huisun Experimental Forest Station,
within the river basin of Meitangan River of the Beigang River system. The significantly heavy rain
brought by Typhoon Sinlaku on 14–15 September 2008 caused the rain gauge at the Qingliu station
to reach 761 mm. As a result, a large-scale landslide with an area of about 0.9 km2 occurred on the
southeastern slope of Meiyuan Shan (1785 m), which led to a large landslide. Subsequently, the large
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body of rocks and sediments propagated downstream with water, depositing at the confluence of
the Beigang and Meitangan Rivers (Figure 2). The base of the Tou 80 County Road and the slope
next to the camping area within the Huisun Experimental Forest Station were seriously hollowed
out, and the collapsed sediments congested the Meitangan River, forming a landslide dam. The main
geomorphological features of this area (marked by the blue boundary in Figure 1) are described here:

‚ Ridges stretch from Baxianshan in the northeast to Meiyuan shan in the southwest, with the
dominant southeast slope aspect;

‚ The flow of the Meitangan River system is naturally bounded by the ridge boundaries, i.e., flowing
from the northeast toward the southwest and then converging into the major river in this area,
the Beigang River;

‚ In addition to the Huisun Experimental Forest Station, villages such as Qingliu, Chungyuan, and
Meiyuan are all located along the bank of the Beigang River.

‚ While these villages can communicate with the outside area through the county road, the study
area cannot be reached through any roads other than walking in the countercurrent direction.

Near the study area, there is a rain gauge station close to Qingliu Village set by the Central
Weather Bureau and a flowmeter set by the Water Resource Agency, Ministry of Economic Affairs can
also be found downstream (Figure 1). The data from the rain gauge station and the flow monitoring
station during 2005 to 2013 are shown in Figure 3.

Figure 1. Geological map and geographical position of the study area. The blue line shows the range
of orthoimage and digital terrain model (DTM) data generated in this research. There is a rain gauge
(green point) and a flowmeter (blue point) in the adjacent area. Multiple residential villages are located
downstream of the study area. The study area is shown in red square within the upper-left index map.
Three data sets derived from aerial photogrammetry in this research used the same 15 ground control
points shown as pink cross marks. The UAV dataset used the 30 ground control points shown as dark
brown dots.
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Figure 2. Panorama of the Meiyuan Shan landslide. The left image, a view from the south of Meiyuan
shan, illustrates that the Meiyuan shan terrain along the northeast–southwest direction is a dip slope.
It also shows the alluvial fan generated by rock slides and debris flows. The Meitangan River feeds into
the Beigang River, the main river in this area, which is shown at the right side of this image. The right
image, a view from the east of the Meiyuan Shan landslide, displays the relatively smooth surface
of the zone of depletion revealed after the landslide. A large body of rock and sediments can still be
clearly observed at the foot of the slope.

Figure 3. The green bars show the rainfall data recorded by the Qingliu rainfall monitoring station
from 2005 to 2013. The blue lines are the flowrate data measured in Beigang River, and the dash lines
representing typhoon and torrential rain incidents during this period of time. The purple lines indicate
the times when aerial photography and ALS measurements were conducted in this study.

2.2. Geological Setting

This area is part of the Hsueshan Range zone in terms of geological setting. The exposure
strata of its adjacent areas contain the Tachien Sandstone, Chiayang Formation, Paileng Formation,
Shuichangliu Formation, terrace deposits, and lateritic terrace deposits (Figure 1). The study area
was mainly in the range of the Paileng Formation, with exposure rocks of white or grey, fine or
coarse quartzitic sandstone, and interbedding of grey dense sandstone and dark grey argillite or slate.
With high rock strength and weather resistance, this type of sandstone is a major feature of the main
northeast–southwest ridge in this area, forming the above-mentioned dip slope terrain. The main
geological structures in this area are the Meiyuan Fault and the Guandaosan Fault. The Meiyuan Fault
stretches from northeast to southwest, coincidently passing through the confluence of the Yangan River
and the Beigang River within the study area. It is an eastwardly tilted, high-angle thrust fault, located
west of the study area. The Guandaosan Fault lays southeast of the Meiyuan Fault, running almost
south to north. It is also an eastwardly tilted, high-angle thrust fault, with the Paileng Formation to its
west and the Tachien Sandstone and slate of Chiayang Formation to its east.
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2.3. Aerial Photogrammetry

Aerial photogrammetry is one of the commonly adopted techniques for obtaining 3-D
terrain information, which can be used to generate DTM data from aerial images through digital
photogrammetry. It is often employed in studies of landslide geomorphology. In most cases, complete
DTM data prior to the landslide event are not necessarily available. In a situation like this, however,
historical aerial images can be used to generate DTM through digital aerial photogrammetry. The Aerial
Survey Office, Forest Bureau (ASO), has conducted aerial photography for Taiwan forests on a regular
basis, the images obtained from which could be used as orthoimage and DTM data before landslide
events for analysis. Each photo had to be checked for factors, such as cloud content and the existence
of fog to ensure the image quality for subsequent processing. Photos would not be usable with
blurry images, fog, excessive shadows, or clouds (shadows). By searching the historical images
taken before the 2008 Meiyuan Shan landslide incident, three periods of datasets are suitable for
post-processing, i.e., those taken on 22 October 2005, 23 October 2007, 11 November 2007, 10 October
2008, and 30 November 2008 were selected and obtained from Geoforce Company and the ASO
historical aerial photogrammetry database [31]. The set from 2005 contained 203 images taken by
ULTRACAM. The set from 2007 was composed of four images taken by RMK TOP and seven taken by
an Intergraph digital mapping camera (DMC). The set from 2008 had seven images taken by DMC and
an air route covered by a Leica airborne digital sensor 40 (ADS40). Ground sample distances (GSD)
were 0.17 m, 0.19 m, and 0.18 m, respectively. All three datasets used the same 15 ground control
points and were processed by SimActive software and aerial photogrammetry work stations. The
processing of the aerial photogrammetry data is briefly described here:

‚ After appropriate aerial images were chosen and aerotriangulation mapping was done, models
based on the accurate parameters of exterior orientation of every image and superimposition of
high-precision GPS coordinates were made.

‚ When conducting aerotriangulation adjustment, the 15 ground control points were also taken into
consideration to improve the accuracy of the parameters of exterior orientation. The control point
errors of three data sets after aerotriangulation adjustment are shown in Table 1. The distribution
of the 15 ground control points are shown in Figure 1.

‚ Then stereo image pairs, DTM, as well as orthoimages, could eventually be generated. The
resolutions of orthoimages and DTM were 25 cm and 2 m, respectively.

Table 1. The control point errors of three datasets after aerotriangulation adjustment.

Maximum Changes (m) at Control Points RMS of Changes (m) at Control Points

X Y Z X Y Z

2005 0.4045 0.3814 ´0.3926 0.2087 0.2043 0.1563
2007 0.0636 0.1395 ´1.1654 0.0315 0.0519 0.3373
2008 ´0.0355 0.0437 ´0.0197 0.0230 0.0260 0.0108

Unmanned aerial vehicles (UAV) have been applied more and more widely in national defense,
military affairs, and civil applications in recent years. It has also become one of the main DEM
techniques due to its advantages of low operation costs, high data processing speed, low flying height,
and convenient flying preparation. UAVs are an important technique in post-disaster response when
it comes to a confined environment, particular terrain, or the need for consistent monitoring after
disasters. For the reasons mentioned above, this study also adopted UAV techniques to survey the
Meiyuan Shan landslide area in June 2013, using a fixed wing drone with a flying height of 2500–2750 m,
a Canon 500D camera with a lens with focal length of 50 mm, and planned ground sample distance
(GSD) of 8–19 cm. During the flight operation, 868 images were taken, which were then processed
using the same method applied for aerial photogrammetry data with the Pix4D software. Thirty
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ground control points shown in Figure 1 were used for UAV aerial photogrammetry. The RMS of
changes at control points were 0.055 m (x), 0.018 m (y), and 0.362 m (z). Resolutions of the generated
orthoimage and DTM were 25 cm and 2 m, respectively.

2.4. Airborne LiDAR (ALS)

For regional wide-range topographic surveying and mapping, ALS is currently considered as
the technique able to obtain terrain data with the best resolution and precision. The data used in this
study were measured by the Geological Survey in August 2011 and September 2012, respectively.
The former was a surveying and mapping program for DTM data over the whole island of Taiwan
conducted by the Geological Survey. The program was aimed to obtain DTM data with a resolution
of 1 m; that is, a point cloud with a density of 1.5 points/m2 was expected at a monitoring height
of 800 m. Flight parameters are shown in Table 2. The latter was the repeated LiDAR DTM survey
work for the Meiyuan Shan landslide, data which were assumed to be the same as the former. Flight
parameters of this program are also shown in Table 2. These two ALS datasets were processed using
the same method, as given here:

‚ Data obtained from the flight operation were calculated to get information about each air route
for flight strip adjustment.

‚ Original point clouds were gained after adjustment, followed by point cloud classification.
‚ The point clouds of these two operations were divided into four categories: ground points,

non-ground points, water body points, and outlier point clouds.
‚ Then the digital surface model (DSM) and digital elevation model (DEM) were generated.

The DSM represents the Earth’s surface, including all objects on it. The DEM represents bare
ground surface without any objects, like vegetation and buildings. The term DTM comprises both
DSM and DEM in this study. The two LiDAR survey programs took aerial photos, which were
used to generate orthoimages with a resolution of 25 cm. This study adopted data from both 2011
and 2012. LiDAR data of 2011 were set as the benchmark for precision assessment due to wide
coverage and completeness.

For comparison purposes, the TWD 97 ground coordinate system [32] was employed for all of
the data sets, and the Taiwan Vertical Datum 2001 (TWVD 2001) [33] was selected as the vertical
coordinate system.

Table 2. Flight parameters and scanning system settings.

2011 2012

Date 2011/8 2012/9
Sensor system Leica ALS60 Riegl/LMS-Q680i

Flying height (m) 2700 3000
Flying speed (kts) 1 100 100

Pulse frequency (KHz) 53.4 150
Field of view (FOV) (˝) 40 40

Scanning swath width (m) 1175 1223
Strips overlapping (%) 52 50

Laser pulse density (pt/m2) 1.8 2. 2
Resolution (m) 1.0 1.0

1 1 kts = 1.852 km/h.
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3. Results

3.1. Orthoimage

This study employed orthoimages generated using various aerial photogrammetry cameras from
six different periods, and the results are shown in Figure 4. These aerial photogrammetry orthoimages
show changes before and after the Meiyuan Shan landslide. Figure 4a,b, obtained prior to the disaster,
show that only occasional shallow landslides occurred on some upstream slopes. Figure 4c–f were
obtained after the disaster. It can be clearly seen that, in 2008, a landslide dam was formed due to
a large body of landslide rocks, and a blue waterbody existed in the river channel at the toe of the
landslide. Parts of the waterbody are still visible in Figure 4d, and the area of the landslide dam has
reduced to less than half, though still existing in this basin. By comparing Figures 3 and 4 it can be
inferred that the landslide dam might have existed for almost four years before being damaged by the
torrential rain in June 2012.

Figure 4. Orthoimages generated using various aerial photogrammetry cameras from six periods.
(a–c) historical aerial photogrammetry images; (d,e) taken under the ALS survey task; and (f) a
photograph by an unmanned aerial vehicle (UAV).The number is ground sample distance (GSD).
The large-scale landslide area in (c–f) is the Meiyuan Shan landslide area, in which specific landslide
characteristics can be observed from top to middle and then to the foot of the slope. The blue
waterbodies distributed in (c,d) are where the landslide dams are located.

3.2. Digital Terrain Model

This study used six periods of DTM data, which comprise both DEM and DSM data, obtained
from aerial photogrammetry, ALS, and UAV techniques. All three DTM techniques can be used to
generate DSM and DEM data. Since the actual ground points under plants can be scanned by the
infrared laser, ALS is able to obtain the DEM data of actual ground elevation without being affected by
ground vegetation [34,35]. However, aerial photogrammetry is only able to gain the actual ground
elevations of exposed areas because of the limited ability of only mapping ground elevation displayed
in the images. In plant-covered areas, potential real elevations can be determined from DSM data
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and elevations of the exposed areas, which might produce relatively large errors. In this study, the
discussed landslide area and affected river channel were both considered as exposed areas without
plant coverage. Hence, DSM data were used to analyze terrain change before and after the landslide
disaster. Results of this comparison are shown in Figure 5.

Figure 5. Digital Surface Model (DSM) images generated from six periods. (a–c) are the traditional
aerial photogrammetry images; (d,e) were taken by the ALS technique; and (f) obtained through UAV
aerial photogrammetry. The uniform grey areas shown in the images represent lack of information due
to clouds.

3.3. Error Estimation

Error assessment is critical information for DTM data users. Most users do not necessarily
participate in the production of DTM data. When it comes to comparative analysis of DTM data,
especially for those areas with terrain variation, differences of data obtained from different levels of
precision would affect the results of any comparison. Most of the previous comparative studies as
aforementioned in the introduction on multi-period DTM data have adopted ground control points
to evaluate errors of individual DTM data sets. From the perspective of general users, this study
conducted error assessments for mountain and forest areas with poor traffic accessibility using limited
information, including error reports obtained from the data generation process and comparison errors
of terrain elevations.

Generally speaking, users can get aerotriangulation errors and interpolation errors from the
data generation process. Aerotriangulation errors are the errors in X, Y, and Z directions after the
aerotriangulation adjustment, which can be obtained using survey adjustment software and calculating
the difference between aerotriangulation matching points and applied ground control points, i.e.,
the aerotriangulation σ shown in Table 3. Interpolation errors refer to the errors originated during
interpolation, which is used to generate gridded DTM data after stereo pairs are matched. This type of
error can be obtained by calculating the difference between the estimated elevation of gridded data
and the actual ground elevation, as interpolation σ shown in Table 3. These two errors then can be used
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to calculate the total error based on the simple error propagation theory, as shown in Equation (1) [36].
Among these periods, the gridded DTM data from 2011 and 2012 were generated based on point
clouds using the ALS technique. Therefore, their total errors were achieved directly from the difference
between the actual terrain measured elevation and the calculated elevation:

σtotal “
a
σ1

2 ` σ22 (1)

Ground control points or image characteristic points are usually assigned to those identifiable,
flat, hardly-vegetated spots or characteristic points of buildings for error estimation. They can be used
in terrain GPS measurements to represent the real ground elevation. However, most landslide disasters
occur in areas with high mountains and forests that are rugged and hardly accessible. Hence, selection
of the image characteristic points would be greatly restricted, and the representativeness of the error
assessment would be affected due to the insufficiency of measurement points. The LiDAR data used in
this study were from 2011 and 2012. In order to make error assessments for each period complete and
representative, the 2011 DEM data were adopted as the terrain benchmark due to their wide coverage.
The elevation values at selected characteristic points of each period were mapped with the elevation
values at the same points of the 2011 DEM. Then their differences were the errors [37], as shown in
Table 3. Errors in this paper were all given in the form of root-mean-square error (RMSE), which is a
commonly used error expression [38,39]. The terrain change could be found by comparing data from
different periods. Therefore, the errors between the two successive periods were also calculated using
the described error relation. The results are shown in Table 4.

Table 3. Accuracy evaluation of datasets obtained from different periods.

2005 2007 2008 2011 2012 2013

Aerotriangulation σ (m) 0.156 0.337 0.108
Interpolation σ (m) 0.242 0.218 0.195

σtotal (m) 0.288 0.402 0.223 0.150 0.170 0.247
σ2011 DEM (m) 0.750 0.510 0.430 0.180 0.580

Table 4. Accuracy evaluation of two terrain datasets obtained from two successive periods.

2005–2007 2007–2008 2008–2011 2011–2012 2012–2013

σtotal (m) 0.494 0.459 0.269 0.227 0.300
σ2011 DEM (m) 0.907 0.667 0.455 0.234 0.607

3.4. DEM Differencing

The method of using multi-period DTM data to investigate terrain evolution has recently been
applied in various studies regarding river bed sediment transport, landslide, and earthflow [16,25,40–42].
One of the most straightforward ways is to subtract an earlier terrain elevation from a later one.
As six periods of DTM data were employed in this work, five values of terrain elevation change
could be successively calculated in chronological order. Data from 2005–2007, as shown in Figure 6a,
demonstrated the terrain change of this basin before the landslide disaster, whereas the other four
periods, as shown in Figure 6b–e, demonstrated the terrain changes observed in each year after the
disaster. Warm colors with negative values stand for a decrease in terrain elevation in these images, i.e.,
the occurrence of surface erosion; and cold colors with positive values represent an increase in terrain
elevation, i.e., the occurrence of surface deposition. Through the color changes, the terrain evolution
and sediment transportation of the river channel prior and subsequent to the landslide incident can be
observed directly.

Figure 6a mainly shows sediment deposition in the river channel from the upstream catchment
before the landslide. Figure 6b demonstrates the terrain change before and after the incident, in which
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the zone of depletion of the Meiyuan Shan landslide (shown in yellow and red) is the main source
of sediment and the blue area is the zone of sliding sediment deposition. Obviously in the blue area,
a large body of sediments deposited from the middle of the slope all the way to the foot, creating
a river blocking at the foot of the slope, which is typical for landslide terrain. Figure 6c–e illustrate
sediment erosion and deposition in different areas within the landslide affected range after the incident.
There was small-scale erosion in the zone of depletion after the incident, but the majority of the area
did not change. Erosion was the main feature in the zone of sediment deposition, which was the main
source of the sediments downstream after the disaster. Regarding the river channel range evolution
after the incident, deposition, and partial erosion has happened since the disaster until the year of
2011 and elevation only changed by several meters; whereas, river channel erosion played a critical
role from 2011 to 2013, and elevation changes due to river bank erosion were be more than 10 m in
some parts. As for the unchanged areas, it is difficult to homogenize the DTMs from different time
periods because in these areas vegetation was dominant. The DTMs from these areas tended to show
differencing noises that were either resulted from tree growth, wind effects, or forest farming. For this
reason, we have intentionally avoided the unchanged areas and masked them out before our landslide
change analysis. As for the landslide affected areas, they are generally bare grounds and the DTMs
from these areas show much better quality in comparison with those from the unchanged areas. Thus,
we mainly focused on the landslide and river channel areas where vegetation was limited.

Figure 6. Images of terrain change over five periods calculated from multi-period digital terrain model
(DTM) data in the Meiyuan Shan area. The color scale illustrates values of terrain change, where warm
colors stand for an elevation decrease due to erosion, and cold colors represent an elevation increase
led by the effects of deposition. (a) Terrain change (October 2005~October 2007) before the September
2008 landslide event; (b) Terrain change (October 2007~November 2008) right after the September 2008
landslide event. Please notice the markedly difference in elevation changes due to the fresh landslide
event; (c) Terrain change (November 2008~August 2011); (d) Terrain change (August 2011~September
2012); (e) Terrain change (September 2012~June 2013). The scale for (a,c–e) is shown on the left; whereas,
the one for (b) is shown on the right. σ is the total error of the two periods of DTM data shown in
Table 4.
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3.5. Volume Estimation

Volume calculations were implemented in the Spatial Statistics module of ArcGIS, and a brief
description is given here:

‚ Calculate the difference between the elevation values at a characteristic point from a later DTM
dataset and an earlier dataset, which could be either positive or negative.

‚ If resolution discrepancy of DTM data exists between the two periods, the higher resolution scale
should be converted to the lower one.

‚ Then the deposition volume (positive result) and erosion volume (negative result) can be
calculated based on the same resolution level.

‚ The summation of these two values is the net rock volume change over this period.
‚ Furthermore, with the calculated deposition area and erosion area and the previously obtained

error value, the volume estimation error can also be gained, as shown in Table 5 [15].

Volume change showed a positive value in 2005–2007, but it remained negative in the other four
periods. This suggested that earth and rocks brought from upstream of this basin deposited in the
area before the Meiyuan Shan landslide; on the other hand, the earthflow produced from the landslide
became the main source of sediments in Beigang River after the disaster, as indicated by the negative
sign. The volume loss reached its peak in the disaster year and has decreased every year since then.
During 2007–2008, the erosion and deposition volumes were 16.7 and 12.6 million m3, respectively.
Neglecting rock volume expansion and supplemental debris from upstream, at least 16.7 million m3 of
sediment were moved during the Meiyuan Shan landslide.

Table 5. Volumes of erosion, deposition, and volume change within the Meiyuan Shan landslide area
estimated using digital terrain model (DTM) data obtained from multiple periods.

Event Area (m2) Volume (m3) Volume Change (m3)

2005–2007
Erosion 27,768 35,800 ˘ 25,185

272,700 ˘ 139,939Deposition 126,520 308,500 ˘ 114,754

2007–2008
Erosion 642,851 16,773,400 ˘ 428,782 ´4,132,500 ˘ 788,122Deposition 539,641 12,640,900 ˘ 359,940

2008–2011
Erosion 767,337 2,708,100 ˘ 349,738 ´2,392,000 ˘ 432,115Deposition 182,367 316,100 ˘ 82,977

2011–2012
Erosion 492,829 1,797,400 ˘ 115,322 ´1,644,400 ˘ 218,042Deposition 438,973 153,000 ˘ 102,720

2012–2013
Erosion 605,620 817,700 ˘ 407,284 ´705,500 ˘ 534,870Deposition 150,562 112,200 ˘ 127,586

3.6. Profiles

It is a common analytical method to discuss terrain evolution using terrain profiles. Most
traditional methods generate terrain profiles by extracting elevation values passing through a straight
line. However, pure line-extracting generated profiles often fail to truly represent the real terrain [43].
When generating profiles using a single straight line, the selection position is not likely to be objective,
and it also might be subject to stochastic terrain or deviation. Thus, it is possible to generate
misleading or incorrect information. In order to avoid or mitigate these stochastic deviations and
their miscomprehension, more profile lines can be added. As a result, a profiling method that stack
elevation values on parallel, equally-spaced tangents has been developed, i.e., the swath profile method.
Applications of the swath profile method can often be found in the analysis of large-scale regional
terrain issues, such as tectonic structures or landslides [44–46].
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To discuss terrain and river channel changes before and after the large-scale landslide incident,
both conventional straight line profiling and swath profiling techniques were used in this study to
generate profiles. For the conventional straight line profiling method, the starting and ending points
were first selected, and elevation values between the points were calculated. A terrain profile could be
eventually generated based on the distribution of elevations. The spacing between elevation values
was set at the DEM resolution in this study. In addition to terrain profiles calculated using the straight
line method (Figure 7), based on artificial selection, the profiling calculation was also conducted using
polyline profiles over the critical range (Figure 7). For a swath profile, a rectangular area is usually
selected as the target. Then DEM data within this rectangle are rotated so that the side to be profiled is
parallel with the south to north direction. Then, the maxima, minima, average, and standard deviation
of each elevation row can be calculated and drawn in profiles. The minima scenario was employed in
this work to generate profiles (Figure 8). Additionally, irregular areas were also selected to generate
swath profiles. Similarly, DEM data within this irregular area were rotated so that the side to be
profiled was parallel with the south to north direction before generating profiles (Figure 8) using the
above-mentioned calculation approach.

Figure 7. Straight line and polyline profiles based on terrain data obtained in 2007 (before landslide)
and 2012 (after landslide). The purple A–A’ dashed section shown in the middle represents the straight
line profile, whose results are shown in the top; the blue B–B’ section in the middle represents the
polyline profile, whose results are shown in the bottom. The bottoms of the profile subfigures illustrate
the elevation changes during 2007–2012, where dark blue denotes elevation decrease, while dark red
denotes elevation increase.
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Figure 8. Swath profile calculation based on the terrain data obtained from 2007 (before landslide)
and 2012 (after landslide). The first and the third subfigures show the swath profiles calculated using
different target areas, i.e., the entire rectangular range and the zone of depletion and the river channel,
respectively. The results are, respectively, shown in the second and the fourth subfigures, where the
green dashed line represents the elevation of 2007 while the blue line represents the elevation of 2012.
The positions of sampling points are shown with the same colors in their corresponding maps. The
bottoms of the profile subfigures illustrate the elevation changes during 2007–2012, where dark blue
denotes elevation decrease, while dark red denotes elevation increase.

4. Discussion

4.1. Use of Data and Error Estimates

The six periods of DTM and orthoimage data used in this study were obtained from various aerial
vehicles using multiple techniques such aerial photogrammetry and ALS. The generated data all had
different errors that originated from their data generation methods and flight operations. Therefore,
in a DTM application, the data acquisition procedure needs to be carefully determined once the data
quality requirement is known. This is especially true for those flight parameters regarding the target
area that would affect data resolution and errors, such as flying height, flying speed, flight direction,
and overlapping strips. For terrain data produced using aerial photogrammetry, the elevation error is,
generally speaking, about 0.2~1.3 m [37,38]. In a normal processing approach with sufficient ground
control points, errors are mostly determined by the value of GSD [38]. Elevation error of ALS, on the
other hand, is about 0.15~0.3 m [24,39,47]. Under regular processing, errors tend to be impacted by
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slope angle, plant type, and vegetation density; though, generally, errors of bare flat areas would be
superior to those of bare slope areas and errors of hardly vegetated areas would be superior to those of
densely vegetated areas. For the six periods of DTM data generated in this work, with the difference
between the elevation of set control points and calculated elevation, the statistical data errors were
expressed in the form of RMSE. For the four periods of data generated using aerial photogrammetry,
the errors of σtotal ranged from 0.22 m to 0.40 m (Table 3). The comparison with the image GSD
values indicated that σtotal error was 0.98~2.1 times that of GSD, which was in good agreement with
similar previous studies [37,38]. This suggested that the precision of generated DTM data in this
work based on historical aerial images and UAV images using aerial photogrammetry was suitable for
landslide analysis.

The method of estimating errors via ground control points could provide reference for applications.
However, due to the facts that most landslide areas are often located in areas with high mountains
and forests featuring rugged terrain and poor traffic accessibility, with only a limited number of image
characteristic points, the representativeness of error assessment might be adversely influenced due
to the lack of sufficient ground measurement points, leading to potential underestimation. There are
reported studies in which aerotriangulation or aerial photogrammetry operations were conducted by
using high-precision LiDAR DEM data as control points or a reference terrain surface [48–50]. With
the six periods of DTM data generated using various techniques in this study, in order to avoid the
impacts of insufficient ground control points on error estimation, the DEM data from 2011 were used
as the reference elevation. Then the elevation difference between other data sets and the reference at
the same image characteristic point could be calculated as σ2011 DEM. The error range was 0.43~0.75 m
(Table 4), which was higher than σtotal. This might be attributed to the fact that in such a densely
vegetated area with rugged terrain, the originally measured errors from the ground control points tend
to underestimate the elevation. Another possibility was that errors might get magnified when using
the 2011 DEM data as reference due to the errors of the reference itself. However, it should be kept in
mind that those identifiable spots in bare and flat areas can be selected as characteristic points and
only minor errors will be produced when applying ALS in such areas. Moreover, it would be helpful
to have a common terrain reference for comparisons between various data sets from different periods.
Therefore, it is legitimate to choose at least one period of ALS DEM data as the benchmark for error
assessment of multi-period DTM data. Similar concepts could also be applied to forest or mountainous
areas with only a few or no control points. For example, after an earthquake or hurricane, when rapid
and efficient DTM and orthoimage generation is required or subsequent post-disaster comparisons
are needed, one period of ALS data can be used as a terrain reference to select ground control points
as needed.

The basic idea of the multi-period DTM error estimation method employed in this paper was
to calculate errors using known elevation check points and then to estimate errors between two
successive periods using the error propagation equation. The advantage of this approach was that
fairly accurate error values could be gained by comparing the known elevation inspection point data
with the measured results. However, considering the fact that those identifiable and measurable
points are mostly selected in flat, bare, and easily accessible areas, errors might be underestimated
due to neglecting the practical slope terrain and vegetation. Moreover, in densely vegetated mountain
areas, practical measurable control points are difficult to assign due to the impacts of plants and
poor accessibility. An alternative DTM error estimation method is to calculate errors based on the
undisturbed terrain areas [25]. The core of this method is to find the elevation differences of the
undisturbed area and regard the average value and standard deviation of distribution of elevation
difference as the average difference and error range of the two-period DEM, respectively. However,
this assessment method tends to be affected by the selected undisturbed areas as the variant areas in
mountains/forests might be included in calculations. Hence, one period of ALS data is utilized as
the terrain reference for selecting ground control points. In addition to the advantages of the high
resolution and precision of the DTM data obtained using ALS, this method can also solve the problem
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of insufficiency of elevation check points in areas with high mountains and forests due to measurement
difficulties. The work by Podobnikar [51] also proposed the use of a known and high-quality DTM
dataset as an important reference for combining different DTM datasets into a better DTM dataset.
It applied more rigorous ideas of regionalization and parameter weighting to help improve the quality
of the combined DTM data set. In our study, we similarly utilized one period of ALS data as a reference
for error estimation but emphasized its convenience and cost-effectiveness for estimating landslide
volume under users’ demands. As shown in Table 3, the estimated errors of various DTM data sets
based on the reference of 2011 DEM do reflect the potential error range of the DEM data.

UAVs have been applied more and more widely in various applications. It has also became one
of the common tools for landslide disaster research due to its advantages of low operating cost, high
data processing speed, low flying height, convenient flying preparation, and the ease of generating
orthoimage and DTM data. Error range evaluation associated with the generated image and DTM data
also attracts attention in the research community. The results obtained from this work (Table 3) showed
that the error range of DTM data obtained from UAV, which was not equipped with conventional aerial
photogrammetry camera, was not significantly different from those of the other three DTM datasets
obtained from aircraft equipped with conventional aerial photogrammetry cameras. It should be
considered as the optimal choice for investigations over small areas due to its advantages of portability,
low cost, and high data processing speed.

Due to the highly unpredictable nature of landslide incidents, few measured landslide volume
values exist. It is common practice to evaluate slide volume by measuring the landslide area on the
obtained image and then estimating the average depth [26–28]. However, the certainty of landslide
depth is often difficult to evaluate due to the lack of terrain information before the disaster, which
would affect the accuracy of landslide volume estimation. As a result, there also exist a number of
studies where statistical/empirical equations, i.e., relations between area and volume derived by
compiling a large quantity of landslide cases, were used to approximate the potential landslide volume
based on a certain landslide area. Nevertheless, this type of method is also restricted by various factors
such as area features, landslide type, slope morphology, and rock properties [28].

With the utilization of multi-period DTM data in this work, the appearance of the entire landslide
area, both before and after, the disaster could be clearly observed thanks to the terrain data obtained
from the historical aerial photogrammetry images. The Meiyuan Shan landslide incident with a sliding
area of about 0.55 km2 was analyzed as an example in this paper. In 2008, the disaster produced
16 million m3 of rock volume, 12 million m3 of which was deposited in the landslide dam, and
4 million m3 of which entered the mainstream of Beigang River. The volume changes could be clearly
calculated. The use of high-resolution DTM data obtained from multi-period aerial photogrammetry,
UAV aerial measurement, and ALS has been proven to be an efficient method to calculate landslide
volumes. Specifically, small-area investigations can be implemented using UAV by taking advantage
of its portability and speed, whereas large area investigations can employ aerial photogrammetry or
ALS to obtain data. Additionally, ALS is also applicable for regional investigations since it possesses
the best data precision.

4.2. Profile Comparison

Profiling is a commonly used method in terrain research, among which straight line profiling
is the most straightforward, convenient, and rapid approach. As the section AA’ shows in Figure 7,
the elevation values located on this straight line were selected to generate profiles. Although easy and
fast, this approach would also pass non-target areas. Incorporation of unnecessary terrain into the
profile would lead to abnormal or irregular terrain information, which might be misleading. Polyline
profiling could extract necessary elevation points to generate profiles using a polyline, as the BB’
section shows in Figure 8. Compared with the AA’ straight line profiling, this approach requires
manual selection of polyline sections. Although selection of non-target area data can be mitigated,
misleading abnormal, or irregular profiles are still not completely avoidable.
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The method of swath profiling has been mostly employed in large-scale terrain applications, such
as tectonic structures. However, it was adopted in this work to analyze a small scale slope. Rectangle
and the irregular ranges, such as the Meiyuan Shan landslide and the river channel, were used for
swath profiling with the minimum amount of horizontal rows. Shown in the top of Figure 8 is a
profile based on rectangles, while the irregular shapes of the Meiyuan Shan landslide and the river
channel are shown in the bottom of the figure. The major differences between these two were the
surroundings of the original landslide on the left and the vicinity of the slope foot, with the rest of the
selected elevation values remaining the same. As the profile was based on the minimum values of
each row, it could reflect the real landslide situation through the DTM elevation change before and
after the disaster, including obvious descent of the original area and clear ascent of the slope middle
and the river channel. The trend of elevation change also demonstrated the variations of erosion of the
collapse origin and deposition of the rock accumulation area with the profile position. There is a clear
elevation change at around 1900 m in the bottom subfigure of Figure 8, which should be the location
between the landslide deposition toe and the river channel deposition. This change cannot be observed
from the two profiles in Figure 7. Multiple parallel straight line profiling had been previously utilized
in landslide discussions [16,52]. Instead, the swath profile method is able to express the landslide
terrain using the maxima, minima, or average of each row, which is helpful in landslide interpretation
and analysis.

Usually after a landslide event, the sliding sediments would not entirely propagate downstream
at once. The remaining body in most cases would be moved downstream due to a subsequent heavy
rainfall and, thus, the remaining rocks and the moving earthflow are threats to the downstream area.
The ratio between the sediment volume flowing out of the landslide dam and the total sediment
volume within the landslide dam can be defined as the sediment delivery rate [21,53,54]. This can
represent degrees of erosion and sediment outflow in the water accumulation area and, thereby,
provide references for hydraulic engineering or landslide disaster prevention planning. Since we were
able to calculate five terrain variations from six DTM data sets, along with the fact that the data we
have in this work covered an entire water accumulation area, sediment delivery rate calculations could
be conducted. Thus, the sediment volume and the delivery rate of earthflow propagation from this
area to the downstream main river channel (Beigang River) could be obtained.

Using the volume around the incident of the Meiyuan Shan landslide as a calculation benchmark,
the delivery rates up to 2008, 2011, 2012, and 2013 were 24.6%, 14.3%, 9.8%, and 4.2%, respectively,
declining year by year. In fact, the heavy rainfall that occurred during these years also played a critical
role. By looking into the total sediment volume generated after the landslide, there were more than six
years during which 47.1% of the total volume remained within the landslide dam. This indicated that
the sliding sediments would not entirely propagate downstream in a short period of time but, instead,
the remaining bulk of these sediments would be moved downstream by subsequent heavy rainfall
over time. Therefore, after a landslide, these sediments should be carefully monitored as potential
post disaster hazards. Aerial photogrammetry and ALS can be continuously applied after the disaster
subsequent to a massive landslide to gather terrain information around the landslide area in order to
monitor the terrain changes of the downstream river channel and their potential impacts.

5. Conclusions

For the six periods of DTM data generated in this work, the error of ALS was about 0.15 m–0.18 m,
the smallest among these DTM generation techniques. For the four periods of data generated using
aerial photogrammetry (including UAV images), the errors of σtotal ranged from 0.22 m to 0.40 m.
The comparison with the image ground sample distance (GSD) values indicated that σtotal error was
0.98–2.1 times that of GSD. This suggested that the precision of the DTM data generated in this work
using different aircrafts and generation techniques is suitable for landslide analysis. Especially in
mountainous and densely vegetated areas, data generated by ALS can be used as a benchmark to solve
the problem of insufficient control points. The error range of DTM data obtained from UAVs was not
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significantly different from those of the other three DTM datasets obtained using the traditional aerial
photogrammetry technique. This suggested that UAV aerial photogrammetry should be considered as
the optimal choice for investigations over small areas due to its advantages of portability, low costs,
and speedy data processing.

DTM data were compared in this study to calculate the sediment volume and terrain change
before and after the landslide incident. The comparison between the traditional straight line profile
and swath profile suggested that the swath profile method is able to express landslide terrain using
the maxima, minima, or average of each row, which is helpful in landslide interpretation and analysis.
Sediment delivery rate can be determined based on sediment volume change calculated by contrasting
DTM data. It was shown that sediment delivery rate decreased each year and was affected by heavy
rainfall during each period. Since the Meiyuan Shan landslide in 2007 to 2013, there were more
than six years during which approximately half of the total sediment volume remained within the
landslide dam. This indicated that the sliding sediments would not entirely propagate downstream
in a short period of time. Therefore, after a landslide, these sediments should be carefully monitored
as potential post disaster hazards. Aerial photogrammetry and ALS can be applied after the disaster
as often as necessary to gather terrain information around the landslide area in order to monitor
the terrain changes of the downstream river channel and their potential impacts subsequent to a
massive landslide.
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Abstract: Landslides often cause economic losses, property damage, and loss of lives. Monitoring
landslides using high spatial and temporal resolution imagery and the ability to quickly identify
landslide regions are the basis for emergency disaster management. This study presents a
comprehensive system that uses unmanned aerial vehicles (UAVs) and Semi-Global dense Matching
(SGM) techniques to identify and extract landslide scarp data. The selected study area is located
along a major highway in a mountainous region in Jordan, and contains creeping landslides induced
by heavy rainfall. Field observations across the slope body and a deformation analysis along the
highway and existing gabions indicate that the slope is active and that scarp features across the
slope will continue to open and develop new tension crack features, leading to the downward
movement of rocks. The identification of landslide scarps in this study was performed via a dense
3D point cloud of topographic information generated from high-resolution images captured using
a low-cost UAV and a target-based camera calibration procedure for a low-cost large-field-of-view
camera. An automated approach was used to accurately detect and extract the landslide head
scarps based on geomorphological factors: the ratio of normalized Eigenvalues (i.e., λ1/λ2 ě λ3)
derived using principal component analysis, topographic surface roughness index values, and
local-neighborhood slope measurements from the 3D image-based point cloud. Validation of the
results was performed using root mean square error analysis and a confusion (error) matrix between
manually digitized landslide scarps and the automated approaches. The experimental results using
the fully automated 3D point-based analysis algorithms show that these approaches can effectively
distinguish landslide scarps. The proposed algorithms can accurately identify and extract landslide
scarps with centimeter-scale accuracy. In addition, the combination of UAV-based imagery, 3D
scene reconstruction, and landslide scarp recognition/extraction algorithms can provide flexible and
effective tool for monitoring landslide scarps and is acceptable for landslide mapping purposes.

Keywords: landslides scarps; geomorphology; slope; surface roughness; Semi-Global dense matching
(SGM); unmanned aerial vehicles (UAVs)

1. Introduction

High urbanization rates and unplanned settlements expose the residents of urban areas to natural
hazards-related risks. Earthquakes, floods, and landslides are among the major threats to urban
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areas [1,2]. During the 1990s, nearly nine percent of the world’s natural disasters were landslides,
which are difficult to predict [3–5]. Landslides are a natural geological phenomenon that is widely
recognized as an important process in the transport of sediment. They occur on a wide variety of
spatial and temporal scales in many mountainous areas [6–12], and identifying the smallest detectable
area is important because small landslides are very likely to broaden under heavy rainfall conditions.
The accurate detection and quick identification of small landslides are crucial for adopting appropriate
mitigation measures and efficient decision-making strategies [13–15]. In recent years, an increasing
number of studies have been conducted worldwide regarding geohazard susceptibility mapping and
risk assessment. Traditional landslide mapping methods are typically based on interpretations of aerial
photography and field survey inspections, which are used to better understand the characteristics
of landslides [11,16]. The photographic, or image interpretation, approach can be adapted and
implemented manually, automatically, or semi-automatically [17,18]. Depending on the scale and
spatial resolution of the image, the details of the extracted geomorphologic features can be significantly
affected. Singhroy [19] asserted that an aerial image scale of 1:25,000 is considered the largest
scale at which one can properly interpret slope instability phenomena from aerial photographs.
Mantovani et al. [20] suggested that the best image scale is 1:15,000 because the disrupted topography
of a landslide scarp can be clearly identified at this scale. To achieve a landslide map with high
accuracy and reliability, manual interpretation requires a well-trained geologist to delineate landslides
in a stereoscopic environment. This process is time- and labor-intensive [17,18]. Alternatively, ground
surveys with GPS and a total station are also time-consuming and have sparse spatial coverage,
which results in the omission of fine-scale terrain structures in the resulting digital surface models
(DSMs) [21]. Aside from being inaccessible and time-consuming, ground surveys and fieldwork are
also subjective and prone to human and instrumental errors. Traditional strategies are unlikely to
provide a satisfactory solution, especially for small-area investigations where mass movement rates
are slower [16,22]. For these reasons, researchers have adopted remote sensing techniques in their
research methodology [8,9,20,23–26].

A number of studies have explored the feasibility of an automated approach using satellite
or airborne imagery and object-based image analysis [27–30]. The performance of this approach is
limited due to the method’s inability to distinguish the Earth’s surface changes. In addition, improper
processing strategies impact the adjacent pixels, resulting in low efficiency, and require machine
learning theories, such as image classification and segmentation. This process requires large and
remarkably different learning samples or a priori knowledge. It is also difficult to detect the causes of
changes in information, which can lead to incorrect identification. Li et al. [31] used multi-resolution
segmentation and object features from a digital terrain model and high-resolution satellite images.
They encountered problematic results due to the presence of landslide and non-landslide pixels present
along the landslide borders, which can directly affect classification accuracy.

Others have attempted to use a combination of satellite imagery and digital elevation models
(DEMs). Barlow et al. [32] combined Landsat enhanced thematic mapper plus (ETM+) imagery and the
use of DEM-derived geomorphometric data to detect and classify fresh translational landslide scarps
within an area of the Cascade Mountains in British Columbia, Canada. They attempted to overcome
the problem of unreliable detection of most types of landslides by segmenting the images and using
the geomorphometric data. This method had a 75% overall accuracy in the detection of landslides that
were over 1 ha2. The abovementioned methods are less effective than Light Detection and Ranging
(LiDAR) at detecting large landslides that have experienced significant historical activity [33]. The use
of LiDAR technology for landslide identification has become increasingly popular in digital terrain
modelling [12,34–40]. LiDAR is a valuable tool in geology [41], geomorphology [12], and hazard
reduction efforts. Only a few studies have attempted to develop computer-assisted methods for
extracting landslides from single or multiple pulse LiDAR data via pixel-based analysis [4,12,42].
Schulz [33,43] used a LiDAR DEM to identify the topography of the Puget Sound region of Seattle,
USA. They found LiDAR data to be useful in identifying complex large-scale landslides and for locating
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potential landslides in the area. Schulz [33] used a LiDAR DEM with a 2 m resolution to produce
slope and aspect-shading maps with azimuth angles of 45˝, 135˝, and 315˝ to identify landslides.
Miner et al. [44] used a LiDAR DEM to interpret old landslides and identify potential landslides in the
Victoria Otway Ranges near the Johanna area of Australia and successfully extracted vegetation from
real ground elevation and shaded maps with different aspect directions to verify the landslide detection.
Airborne LiDAR data and imagery are safe, accurate, and able to achieve a valuable top-view. However,
the extremely high cost associated with the use of aircraft and its time-consuming nature makes this
strategy an impractical solution, especially for investigations of small areas. Leshchinsky et al. [45]
used LiDAR DEMs and head scarps to perform a semi-automated landslide inventory comparing three
different study areas. They noted an increase in computational cost associated with post-processing
data, which became especially prominent when one or more of the following parameters increased:
study area size, input parameters, and resolution of the datasets.

To overcome the previous drawbacks of airborne LiDAR, the development of other active
remote sensing techniques, such as terrestrial laser scanning (TLS), are making it possible to collect
dense 3D point cloud for sites of interest. TLS has attracted interest for use in landslide studies,
including (1) landslide detection and characterization [46,47]; (2) hazard assessment and susceptibility
mapping [41]; and (3) modelling and monitoring [40,48–52]. A comprehensive review of laser
scanning technology and its applications in landslide investigations can be found in the work of
Jaboyedoff et al. [53].

This technology is not without limitations. These limitations include orientation biases that occur
when the TLS line of sight is nearly parallel to the orientation of the discontinuity, occlusions that
occur when parts of a rock face cannot be sampled because it is obscured by protruding surfaces, and
truncation that occurs when the exposure of the discontinuity is less than the available resolution
of the TLS point cloud. The TLS results can have occluded areas that leave gaps in the data due to
shadows, truncated data, and orientation biases from sensor positioning. TLS does not eliminate the
need for visiting the landslide site because these devices have a limited range, and a larger ranges
(i.e., the greater distances between the scanner and the object) lead to lower accuracies.

The precision of the measurements, the amount of time, and money required to conduct these
measurements are important considerations when creating a landslide inventory [54]. It is not necessary
to reach sub-centimeter precision when monitoring shallow landslides because the effort is directed
towards evaluating the entire landslide body [55]. The need for high-accuracy measurements cannot
be satisfied by traditional mapping methods due to the limitations in financial and technical resources.
High-resolution topographic data are necessary for the morphological analysis of landslides [4].
Identifying the smallest detectable area possible is important because a small landslide has a high
probability of broadening as a result of heavy rainfall. Recent advances in low-cost digital imaging,
navigation systems, and software development have made it possible to accurately reconstruct 3D
surfaces without using costly mapping-grade data acquisition systems. Furthermore, advancements in
mobile mapping systems, such as unmanned aerial vehicles (UAVs), have made accurate 3D surface
reconstruction more feasible whenever and wherever it is required. When small target areas need to
be examined, a UAV is a better and more cost-effective choice than other platforms because UAVs are
highly portable and are dynamic acquisition platforms. UAVs combine the advantages of vertical aerial
photogrammetry and the high resolution of ground-based images. UAVs have the ability to fly at low
altitudes and slow speeds and to reach areas that are not accessible from the ground or with manned
aircrafts [56]. Moreover, these systems can be stored and deployed at a minimal expense [56–58]. These
characteristics make UAVs an optimal platform for affordable rapid responses in mapping applications;
consequently there is great interest in utilizing them in natural hazard applications.

Recently, 3D object reconstruction using UAV systems have become a popular area of research.
This technology is currently used in a wide variety of applications that span across many fields
such as, soil erosion [59,60], landslides or rocky surfaces inventory [56,61], landslide detection [62],
landslide dynamics and monitoring [57,63–67], and natural disaster monitoring and evaluation [68,69].
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A comprehensive review of remote sensing applications based on UAVs equipped with specific
sensor-based technologies has been accomplished to varying degrees across a range of applications. A
detailed summary, specifically focused on the progress made in environmental science applications, is
provided in Pajares [56] and Colomina et al. [58].

The purpose of this research is to present a comprehensive system that uses a low-cost UAV,
Semi-Global dense Matching (SGM) techniques, and automated approaches to detect and extract the
geomorphological features of landslide scarps. This system reduces the many limitations that decrease
the accuracy, completeness, and reliability of the previously described methods, thereby increasing the
effectiveness of the landslide mapping.

2. Study Area

2.1. Location of the Study Area

This study was conducted in a 266 m ˆ 185 m area situated along the main highway from Amman
to Irbid in the Salhoub/Al-Juaidieh area of north-central Jordan. The study area is in a mountainous
region that receives an average annual precipitation of 200 mm and contains creep landslides induced
by heavy rainfall, [70]. The map in Figure 1 illustrates the location and extent of the study area, which
is 21 km northwest of Amman and located at the following coordinates: 32.11430˝N–35.85689˝E. The
terrain elevation varies from 650 m to 720 m above sea level and has a slope inclination of between 10˝
and 70˝. The study area is dominated by two significant landslide features, which are known as the
Al-Juaidieh slides. Abderahman [71] determined that the Al-Juaidieh landslide was a reactivation of an
old landslide. Various field observations across the slope body and deformation along the highway and
existing gabions indicate that the slope is still active and scarp features across the slope will continue to
open and develop new tension crack features; leading to further drift of rocks downward. Substantial
first failure activity in the area dates back to August 1992 during the construction of the Irbid-Amman
highway. This landslide affected approximately 250 m of the highway, destroyed two houses, caused
the evacuation of 10 others, and delayed the opening of the highway for several months [71].

Figure 1. Location of study area and distribution of the landslides.

2.2. Geologic Setting of the Study Area

The land-cover types include landslide areas, roads, bare soil, and a few manmade buildings. The
vegetation cover on the landslide is predominantly grass with occasional isolated bushes. The geology

338



Remote Sens. 2016, 8, 95

of the study area consists mainly of the Ajlun Group, which is subdivided into the five formations [72]
shown in Figure 2. From bottom to top, these formations are the Na’ur, Fuheis, Hummar, Shu’ayb,
and Wadi Es-Sir. The Na’ur limestone formation forms the majority of the outcrops in the study area,
which starts with a few meters of a very hard limestone overlain by a medium-hard to somewhat
medium-marly limestone, soft marl, very hard dolomitic limestone, soft marl, and intermixed gravel
and boulders of limestone and marl at the surface [71]. The Hummar formation forms outcrops
of a few meters of marly limestone followed by successive layers of medium-thick bedded grey to
whitish crystalline limestone, dolomitic limestone, and dolomite that changes near the top to marly
limestone [73]. The thickness of this formation is approximately 65 m within the Wadi Shu’ayb,
Suweileh, and Hummar areas [74]. The Fuheis formation consists of soft marl and marly limestone
interbedded with thin to medium-bedded shally to nodular limestone. As can be seen in Figure 3, the
geological cross section taken along (A-A1 (in the study includes a marlstone layer the bottom and
a dolomite layer, limestone layer, and caliche layer at the top [75]. Saket [76] concluded that most
of Jordan’s landslides take place within the Lower Cretaceous Kurnub Sandstone, and the Upper
Cretaceous Fuheis and Na’ur formations. These formations are characterized by the presence of marls
and clays that act as weak interlayers, rendering the slope vulnerable to instability and sliding.

 

Figure 2. Geological map of the study area (modified after Sawariah and Barjous [73]).
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Figure 3. Schematic geologic cross section of the landslide ([71,77]).

From a structural point of view, the outcropping rocks in the study area show well-developed
joints and cracks. Their widths of these cracks range from a few centimeters to multiple meters,
indicating that discontinuity sliding could take place. Furthermore, all the landslides within the area
are above the highway ridge and the mass movement along these landslides is rotational in a westerly
to northwesterly direction.

3. Methodology

Figure 4 illustrates the proposed framework of the implemented methodology in this research
work. This research aims to analyze and examine the automated approaches for landslide scarp
detection and extraction. This is achieved first through mission planning and data collection using a
UAV equipped with an off-the-shelf large-field-of-view (LFOV) camera. The camera calibration and
stability analysis performed for this step can be expressed through the analysis approach proposed
by Habib et al. [78,79]. After calibration 3D surface reconstruction was completed using the SGM
approach to generate dense image-based point cloud [80,81]. The next step in achieving the research
goal is to develop automated approaches for detecting and extracting the geomorphological features of
landslide scarps using a ratio of Eigenvalues based on principal component analysis (PCA), examining
topographic surface roughness index, and measuring the variability in slope in the local neighborhood
of dense 3D image-based point cloud. As proposed by Varnes [82] (see Figure 5), the detection of
landslides is based on the identification of the following geomorphological features: (1) a crown
with tension cracks; (2) a main scarp, which tends to be the easiest feature to recognize because it is
semi-circular (long and narrow) with a steep slope and convex planform and has a main direction
perpendicular to the flow direction; (3) a minor scarp; (4) related slide blocks; and (5) a toe bulge or
accumulation area, which is higher than the surrounding area due to the accumulation of debris.

Root mean square error (RMSE) analysis and a confusion (error) matrix is performed in order to
validate and accuracy examination of the assessment in order to quantify errors as well as to assess the
quality difference between the two datasets obtained for the manually digitized landslide scarps (the
reference data) and the automated extraction scrap segments using the proposed approaches.
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Figure 4. Methodology flow chart.

Figure 5. Geomorphologic characteristics of large-scale landslide (modified after Varnes [82]).

3.1. Mission Planning and Data Acquisition

To apply a cost-effectively collect data and detect landslide detection in hazardous, unstable
areas a low-cost remote sensing approach can be applied using a UAV and LFOV digital camera. In
this study, a GoPro camera was chosen because the UAV’s gimbaled camera mount is specifically
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compatible with GoPro cameras. The Hero 3+ Black Edition was the highest quality camera available
at the time of purchase. This camera had several innate advantages for this study, such as a fixed
focal length and a robust design. GoPro cameras are built for use in rugged environments, which
makes them an ideal choice for a UAV platform. The accompanying UAV is the DJI Phantom 2 (see
Figure 6). The DJI Phantom 2 is designed for hobbyist use and has user-friendly controls. It also offers
several other functions, such as an autopilot, no-fly zones, and auto-return home. This UAV offers
approximately 25 min of flight duration on a single battery charge, can carry less than 1 kg of payload,
and fly up to 1 km from the controller. This design is sufficient to cover a relatively small to medium
area. According to Van Den Eeckhaut et al. [83] small landslide area are less than 0.02 km2 in size and a
medium to large landslide area size is greater than 0.02 km2. However, it lacks several features that are
necessary to obtain a photogrammetric product, such as time synchronization between the camera and
the navigation unit, control of image exposure, and the overlap and sidelap of imagery. Furthermore,
the camera has a short focal length that causes considerable barrel lens distortion.

 
Figure 6. The DJI Phantom 2 unmanned aerial vehicles (UAV) drone equipped with the GoPro camera
used in this study.

The mission planning (flight and data acquisition carried out in September 2014) for the study area
involved determining a detailed flight plan, including the flight direction, number of flight lines, flying
height, and knowledge of the interior orientation parameters (IOPs) of the mounted digital camera.
This configuration depends on the desired overlap, sidelap, and ground sampling distance (GSD) or
footprint. The DJI Phantom 2 is equipped with an autopilot package that allows for pre-programmed
flight paths, enabling the user to choose horizontal waypoints and the desired height of flight above the
ground. The desired overlap (in flying direction) and sidelap (between adjacent flight lines) were set
considering the array width to be parallel to the flying direction. The mission planning was designed
to achieve the optimum configuration for the area of interest, as shown in Figure 7. Figure 7a illustrates
the mission flight plan for image capture that covers the area of interest using north-south flight paths
with 80% overlap and 60% sidelap. Figure 7b shows the east-west flight paths with 50% overlap and
30% sidelap which were used to obtain minimum data redundancy and to fill in data gaps caused by
shadowed areas, occlusions, and blurry images. This step guarantees success in the automated point
matching process and application of the SGM approach. Table 1 summarizes the designed north-south
flight configuration for the area affected by the creeping landslide in the study area.
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Figure 7. Graphical interface of the image capturing mission flight plan designed to cover the area of
interest: (a) north-south flight path and (b) east-west flight path.

Table 1. North-south flight path configuration for area of interest.

Flight Configuration

Average flying height (AGL)/speed 50 m/5 m/s
Autopilot Available

Camera Specs GoPro Hero3 + Black
Image format (pixels) 3000 ˆ 2250

Pixel size 1.55 μm
Focal length (nominal) 3 mm

Time lapse ~2 s
Image Block Specs

GSD (nominal) ~2.0 cm
Overlap/sidelap % 80/60

Image footprint 83 m ˆ 62 m
Distance between images 14 m

Distance between lines 39.8 m
Number of strips 6

Number of Images 370
Total Area Covered

Study area 48,981 m2 (12.73 min)

To overcome the difficulties of time synchronization, limited image exposure control, and barrel
lens distortion, the following steps are proposed. (a) An accurate analytical camera calibration
of a low-cost LFOV camera followed by stability analysis using the ROT (Rotation) procedure
was performed to evaluate the similarities and differences between the derived camera calibration
parameters [78]; (b) The camera was set to automatic exposure using the camera’s built-in timer. The
selected time lapse is a function of the image footprint and flying speed, as shown in Equation (3).
The GSD can be estimated based on the assumption that the terrain is relatively flat (see Equation (2));
(c) The exterior orientation parameters (EOPs) of the images can be indirectly recovered as part of the
image-based point cloud generation process, which will be discussed later.

Pixel Size “ Sensor width pmmq
Image width ppxq (1)

GSD “ Pixel Size . Elevation above ground pHq
Focal length p f q (2)
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Time lapse “
Sensor width .

H
f

. p1 ´ overlapq
Flying speed

(3)

where time lapse is the time between two successive exposures, sensor width is the number of pixels, f
is the camera focal length, H is the flying height, overlap is a user-defined value that represents the
overlap percentage between two successive images, and flying speed is a user-defined value.

3.2. Automated Surface Reconstruction

To generate a dense 3D image-based point cloud both Structure from Motion (SfM) and SGM
techniques are utilized. The proposed SfM approach is first performed for the automated recovery of
image EOPs. Then, SGM [80,81] is adapted for the dense image matching using the derived image
orientation from the SfM approach from the scanned scene using the captured images. An overview of
the proposed procedure is shown in Figure 8.

Figure 8. Proposed dense 3D reconstruction procedure.

This procedure was initiated by determining the camera’s EOPs at each imaging station via
the SfM approach developed by He and Habib [84]. This procedure is based on a two-step linear
solution for the initial recovery of the image EOPs First, point feature correspondences are identified,
followed by calculation of the relative orientation parameters relating stereo-images from derived
conjugate points. A local reference coordinate frame is established in the second stage. Then, the EOPs
of the remaining images are sequentially recovered through an incremental augmentation process.
In this approach, tie points are identified using the scale-invariant feature transform (SIFT) feature
detection algorithm in individual images as described by Lowe [85]. The acquired images are then
normalized based on epipolar geometry while considering the camera IOPs and estimated EOPs, to
minimize the search space for corresponding features in overlapping imagery. The algorithm used to
determine the epipolar geometry and to define the normalized image plane is described in detail by
Cho et al. [86]. This algorithm effectively removes the y-parallax in each stereo-pair of images. The
images are projected onto a normalized image plane in which the rows of pixels in one image lie on
the same row as in the normalized stereo-pair image.

An SGM procedure is then utilized to find the pixel-wise correspondence between the
stereo-paired images. The algorithm used here starts by minimizing a cost function along eight
different directions (two horizontally, two vertically, and four diagonally) from a pixel to determine an
initial disparity value. The cost function is the sum of all the costs of the disparity along a given path.
The path (direction) that has the least cost for a given pixel is used to determine the final disparity
value, which is used to relate the pixels in one image to the conjugate pixels in the stereo-pair image.

The next step is a tracking procedure that identifies the matched pixels in all images. In this step,
individual pixels are tracked across multiple images using the disparity values from the previous step.
Starting with a stereo-pair of images, which are adjacent, and their relative orientation, which is known
(determined with the EOPs), a corresponding disparity image can be computed. This image can be
used to determine matching pixels in other images. Once a pixel is tracked through the disparity
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images until a valid disparity value cannot be found, the tracking algorithm for that pixel stops and
the coordinates are transformed back into the ground coordinate system for use in the next step.

Finally, a dense 3D point cloud is generated based on the spatial intersection of light rays from
all matched pixels. Using the EOPs, IOPs, and pixel coordinates of the corresponding pixels, the
collinearity equations can be used to compute the object coordinates of each point. This procedure is
conducted as a least squares estimation process, which is updated until the coordinates of the point do
not change between iterations. There is a possibility that a pixel may be incorrectly tracked among
images (known as a blunder) or that the intersection contains very poor geometry (low precision),
and these situations should be avoided. To avoid low precision, the ground coordinates that are not
sufficiently precise are eliminated. Blunders can be eliminated by projecting the ground coordinates
back onto an image plane and computing the residuals, which should be within one pixel of the
original coordinates. In addition, the ground coordinates are not computed if fewer than three pixels
contribute to the intersection because this will not create a reliable solution. The resulting point cloud
uses an arbitrary ground coordinate system with an arbitrary scale. The next step is to transform
the point cloud from the arbitrary coordinate system into a meaningful one using surveyed ground
control points.

3.3. Automated Landslide Scarp Features Detection and Extraction

The rapid development of high-resolution DEM data has provided more detailed topographic
information. Higher resolution topographic data result in the more accurate detection of landslide
scarps, thereby assisting in the monitoring and assessment of landslides as well as the development
of mitigation plans. In addition, an in-depth understanding of topographic variations within
hazardous landslide terrains is vital for companies developing construction plans for new or existing
projects. Identifying landslide-specific spatial features from single surface models is important
because not all the changes can be detected through a temporal analysis of landslide-susceptible
areas. Previous landslides are the key predictors of the distribution of future landslides [87]. The
following methodological subsections focus on detecting and extracting landslide scarps from a single
surface using an image-based point cloud that is generated using the SGM approach. High-resolution
topographic data was used to extract data on landslide scarps by examining local topographic
variability through an analysis of the Eigenvalue ratio, slope, and surface roughness.

3.3.1. Eigenvalue Ratios

Eigenvalue ratios represent the degree of three-dimensional roughness or the crease edge of
land surfaces [88–90]. Point clouds that result from the SGM approach are comprised of massive
amounts of 3D coordinates. The well-known KD-tree data structure [91] was used in this study to
handle the point cloud. The KD-tree is a tool that organizes the point cloud and allows for different
query processes in the 3D space during the Eigenvalue estimating procedure. The KD-tree is used
to search for neighbors within a specified search radius from the query point. A simple method for
establishing this local neighborhood is to select the closest points to the query point according to a fixed
Euclidian distance [92]. In this study, a 0.5 m radius was selected because of the size of the relevant
geomorphic features. Selecting a smaller radius would have resulted in an increase in recognition of
non-scarp landscape features, such as shrub vegetation, tree stumps or boulders. The Eigenvalue ratio
methodology begins by utilizing PCA to determine the geometric properties of the local neighborhood
of image-based points. To check whether a certain point (query point) belongs to a rough surface or
a crease edge, the following steps are taken. First, a local neighborhood pPnq is defined to enclose
the (n) neighbors nearest to the query point. Then, a covariance matrix (Coν) is formed based on the
dispersion of the points (Pn) from their centroid pPc), as given by Equation (4). An Eigenvalue analysis
is then performed to decompose the covariance matrix into two matrices (Equation (5)). The first
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matrix (W) is comprised of thee eigenvectors pÑ
e 1,

Ñ
e 2,
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The Eigenvectors/Eigenvalues are quite advantageous in determining the geometric nature of
the established neighborhood. The Eigenvectors represent the orientation of the neighborhood in 3D
space, whereas the Eigenvalues define the extent of the neighborhood along the directions of their
corresponding eigenvectors [93]. The relative sizes of the Eigenvalues and the Eigenvectors’ directions
can indicate the type of primitive feature. For a rough surface/crease edge point, two of the estimated
Eigenvalues will be much smaller than to the third Eigenvalue, for which the conventional equations
(Equations (6a) and (6b)) were used in this study. The three normalized Eigenvalues denoted by “λ”
were sorted from largest to smallest values as λ3, λ2, and λ1,

λ1 « λ2 (6a)

λ1

λ2
ě λ3 (6b)

3.3.2. Slope

The slope angle is the most important parameter in a slope stability analysis [94] because the
slope angle is directly related to landslide probability. Other parameters contributing to landslide
probability include geology, soil type, and hydrology [95], but this study specifically utilizes sudden
change detection via examination of changes in slope angle. This method can also be useful in the
identification and extraction of cliff information for other site-specific needs. The variability in slope is
used to detect and extract landslide scarps [96–98]. The slope is often initially employed to identify
landslides [99], based on the assumption that the slope changes abruptly between two successive scarps
and that scarps become more distinct from their surroundings as they evolve. The slope angle for each
point in an image-based point cloud can be estimated using Equation (7) because the Eigenvector for
each point is calculated based on the PCA analysis in the previous step.

|θ| “ tan´1
a

Nx2 ` Ny2

Nz
˚ 180

π
(7)

where θ is the slope angle, and Nx, Ny, and Nz are the normal vector components of the plane.

3.3.3. Surface Roughness Index

Surface roughness can be defined as the irregularity of a topographic surface [96]. The surface
roughness index is based on the calculation of deviations between the elevation model’s surfaces
fitted in the local range of a moving 0.5 m search radius window. The surface of most landslides is
rougher, at the local scale of a few meters, than adjacent stable slopes, which are relatively smoother.
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Tarolli [100] states that as long as erosion associated with precipitation and time is not severe, old
landslides can be identified because there will still be a distinct difference in surface roughness
between the landslide area and the local terrain. On the other hand, low average rainfall and semiarid
climatic conditions dominating the study area result in poor susceptibility to weathering effects, thus
maintaining associated surface roughness features.

This characteristic can be exploited to automatically detect and map landslides captured in
high-resolution 3D point clouds. As illustrated in Figure 9, the surface roughness of landslide terrain
(bottom image) features higher topographic variability than stable terrain (top image). McKean
and Roering [12] and Glenn et al. [4] examined surface roughness and confirmed that landslide
surfaces are rougher than the neighboring stable terrain due to the landslide mechanics, surface
deformation, and subsidence of material. The algorithm developed in this study utilizes surface
roughness information to detect and extract landslide scarps based on the measurement of the
variability in local topographic surfaces.

 

Figure 9. Surface normal representation of topographic surface roughness in a digital elevation model
(DEM). The difference between smooth terrain (top) and rough terrain (bottom), illustrates greater
variability in the latter [12,101].

The surface roughness index is the standard deviation of the object height (h) within 0.5 m local
sampling window was used to calculate the surface roughness in this study in Equation (8).

γ “
dř ph ´ h1q2

n ´ 1
(8)
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where γ is the surface roughness index, h1 is the mean height of all points within the local window,
and n is the number of points within the local search window.

4. Results and Discussion

In this study, three sets of results were produced. The first set of results consists of the camera
calibration parameters that were obtained by calibrating the LFOV digital camera. The second set of
results consists of the image-based point cloud and orthophotos produced by implementing the image
processing using the SGM algorithm for the study area. Finally, the third set of results consists of the
landslide scarps detected and extracted using (a) the ratio of the Eigenvalues (λ1/λ2 ě λ3) based on
PCA analysis; (b) the topographic surface roughness index; and (c) the approach based on measuring
the variability in slope in the local neighborhood of the 3D image-based point cloud.

4.1. Dataset Description

The study area (Salhoub/Al-Juaidieh, Jordan), yielded a set of 370 nearly vertical images with
overlap of 80% and sidelap of 60% along the north-south flight path direction. These images were
captured with a calibrated GoPro Hero 3+ Black Edition camera mounted to a DJI Phantom 2 UAV
over a total flight time of 12.73 min. To obtain the lowest data redundancy while filling in data gaps
caused by shadowed areas, occlusions, and blurred images, a set of 160 images was collected along
east-west flight paths with an overlap of 50% and a sidelap of 30%. The utilized GoPro camera was
equipped with several imaging modes; however, in this study, only the medium field-of-view mode
was utilized. Each image covered an area of approximately 83 m ˆ 62 m on the ground, resulting
in imagery with a resolution of approximately 2 cm (GSD). Figure 10 shows an example of a strip of
aerial photographs in the study area.

Figure 10. Strip of aerial photographs of the study area captured from the areas indicated in red along
of the east-west flight path shown in the upper image.

4.2. Camera Calibration and Stability Analysis

The camera was calibrated and checked for stability over a two-month period from January 2014 to
March 2014. It should be noted that, over the two-month the camera is mounted on a UAV that is flown
in different environments, difficult terrain, and have been subjected to rough landings, significant
vibrations from the UAV, and even a few crashes. For each image dataset, a total of 12 convergent
images of a 2D calibration test field with 116 targets were captured with the same image network
configuration. The ultimate goal was to decide whether the two sets of IOPs were equivalent. If the
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sets of IOPs are similar, then a stability analysis of the camera is ensured and the IOP parameters have
not changed over time. Thus, the camera can be deemed stable, which is essential for achieving an
accurate 3D model later on. The experimental results were examined using the United States Geological
Survey (USGS) Simultaneous Multi-frame Analytical Calibration (SMAC) model with R0 values of
0 and 3 mm with K1, K2, and K3 as the distortion parameters. The derived square roots of posteriori
variance (σ0) values are all smaller than one pixel in size (1.55 μm) according to Habib et al. [102], and
the image coordinate measurement had an accuracy range of one-half pixel, which indicates that no
blunders were present, that the utilized SMAC model was appropriate and that the derived IOPs
were acceptable.

The stability of the camera was analyzed using the ROT method [78]. In the case of the GoPro
Hero 3+ Black Edition camera used in this study, the pixel size was 1.55 μm. Therefore, if the square
root of the variance component was less than 1.55 μm, which is approximately around one pixel, then
the IOP sets were considered similar and stable according to the ROT method [102–104] and was the
correct choice for an accurate estimation of the 3D coordinates.

4.3. Automated Point Cloud Generation

To generate a point cloud using the SGM methodology, a total of 530 images were captured. The
image orientation (EOP) is a fundamental prerequisite parameter in any image-based reconstruction.
Orienting the images was accomplished by applying the SfM approach developed by He and Habib [83].
The estimated image position and orientation and the reconstructed sparse point cloud from the UAV
image dataset are shown in Figure 11.

Once a set of images was oriented, the surface was digitally reconstructed by implementing
the SGM algorithm starting from the known exterior orientation and camera calibration parameters.
A dense point cloud with more than 13.65 million points was constructed for the study area using
all of the captured images with an average point spacing of 1.5 cm and an average point density
of approximately 4431.52 points/m2. The dense point cloud obtained from SGM is illustrated in
Figure 12.

 

Figure 11. Perspective view of the constructed sparse point cloud. The red (North to South direction)
and blue (East to West direction) dots over the sparse points show the camera positions and orientations
during image acquisition by the UAV.
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Figure 12. The dense 3D point cloud generated from the UAV image dataset collected in September
2014. The blue inset square represents the point density within 1 m2.

4.4. Detection and Extraction of Landslide Scarp Features

The landslide geomorphological analysis in this study was based on a 1.5 cm point spacing in a
dense 3D point cloud generated for the study area. The dense image-based point cloud proved to be a
very useful tool for rapidly creating profiles along the slope direction. Using these profiles the vertical
walls of the landslide scarps were measured and observed to have a range of 3 m to 5 m. The cross
section along the profile A-A1 is shown in Figure 13.

Figure 13. Cross-section (left image) along the profile A-A1 (right image is a subset of the geological
map) of the landslide in the central part of the study area.

4.4.1. Topographic Eigenvalue Ratios

Figure 14 illustrates the variation in the topographic parameters using the normalized Eigenvalue
ratio of λ1/λ2 computed in a 0.5 m moving sampling window on a dense 3D image-based point cloud.
The map in Figure 14 clearly shows that the boundary of the landslide scarps (yellow-red color in
the map) were recognized in detail, which means the normalized Eigenvalue ratio values inside and
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surrounding the landslide scarps were much less clustered than those in the nearby terrain outside
the slide.

 

Figure 14. Eigenvalue ratio (λ1/λ2) computed with a 0.5 m moving sampling window in the dense
3D image-based point cloud. Higher Eigenvalue ratios indicate landslide scarp features because the
values of these areas are less clustered than the smooth terrain surface.

The extracted features were filtered, and only the areas with λ1/λ2 Eigenvalue ratios greater than
λ3 were selected as a candidate scarp points. The landslide scarps that were automatically extracted
using the proposed threshold values (λ1/λ2 ě λ3) are shown in Figure 15. Some open areas associated
with the spacing/opening between two successive landslide scarps were observed to have been filled
with recently fractured rocks and sediments. Therefore, after the initial landslide scarp extraction,
these areas were also classified as scarps because they presented similar characteristics (i.e., top and
bottom scarps). Further refinement to filter out noisy extracted points (i.e., points enclosed between
higher candidate scar points circled in red in Figure 16) based on the height profile (cross section)
along the slide direction was required to obtain more accurate results. In Figure 16, the height profile
along the slide direction is in blue, the preliminary scarp points are in green, and the accepted scarp
points are circled in red.

Figure 15. Extraction of landslide scarp features for the of Salhoub/Al-Juaidieh landslide based on
variation in the local topography’s Eigenvalue ratio.
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Figure 16. Height profile (cross section) along the slide direction in blue, preliminary scarp points in
green, and accepted scarp points circled in red.

The extracted features based on the proposed threshold were overlaid on the orthophoto image
(Figure 17). Visual inspection indicates that the features related to landslide scarps (blue segments)
were accurately extracted and accurately overlaid on the corresponding landslide scarps.

 

Figure 17. Final landslide scarp detection results (blue) based on Eigenvalues ratios of the topographic
surface (left image) overlaid on the generated orthophoto using UAV images of the study area
(right image).

4.4.2. Topographic Slope Surface

The 3D topographic image-based point cloud data were used to generate maps of the local
topographic slopes. The slope angle for each point of the image-based point cloud was derived using
a 0.5 m moving sampling window and was determined by calculating the slope of the normal vector
for each point. As shown in Figure 18, the resulting slopes of the study area were distributed between
0˝ and 90˝. The slope calculation results show that the active landslide scarps had slopes up to 50˝
associated with the abrupt changes in the Earth’s surface compared with their local neighborhood
and, to a lesser degree, they formed a ridge of the depletion area (toe area) that is comprised of
marlstone sediments.
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Figure 18. Slope map of the creeping Salhoub/Al-Juaidieh landslide calculated using a 0.5 m moving
sampling window on a dense 3D dense image-based point cloud.

For landslide scarp detection using the slope method, the point cloud classified the ground
objects into either landslide or non-landslide classes based on the assumption that the slope changes
abruptly between two successive scarps and that the scarps become more distinguishable from their
surroundings as they evolve. In the analysis of the slope distribution in this study, the classification of
landslide scarps usually occurred above a mean slope value of 22˝, which corresponds to the internal
frictional angle at which most slope instabilities in the area occur [28]. The statistics for the slope
distribution, derived from the point cloud, are shown in Figure 19.

Figure 19. Statistics of the slope distribution.

An estimate of the threshold was based on the fact that the histogram of the slope value was set
to a mean slope value of 22˝. The obtained threshold provided a filtering process to extract the most
likely landslide scarps in the study area. The extracted potential landslide scarps from the derived
slope variation based on the defined threshold are shown in Figure 20.
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Figure 20. Distribution of the identified Salhoub/Al-Juaidieh landslide scarp features based on local
slope variations.

The extraction smooth landslide head scarps from the previous results were based on the
assumption that the detected candidate points should only decrease in height. In this study, the
height profile (cross section) in the slide direction was analyzed to ensure that the smoothed head
scarps fit the established criteria (i.e., Figure 16). As seen in Figure 21, the final landslide scarp detection
results were overlaid on the orthophoto image. Visual inspection revealed that the detection results
were accurately overlaid onto the corresponding landslide scarps.

Figure 21. Final landslide scarp detection results (blue) overlaid on the orthophoto generated used
UAV images of the study area.

4.4.3. Topographic Surface Roughness Index

The surface of a landslide is usually rougher on a local scale than that neighboring stable terrain,
which means that the local vector orientations of the rougher surfaces more highly variable than those
of the smooth topographic surfaces, which have similar orientations. The roughness of a landslide
surface is calculated using point clouds without interpolation. To provide a more reliable roughness
indicator, the standard deviation of the height point (h) within a 0.5 m local moving sampling window
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is used to calculate surface roughness of each point in the dense 3D point cloud, using Equation (8) in
Section 3.3.3. As illustrated in Figure 22, the surface roughness is higher in the landslide terrain in this
study than in the stable terrain. The surface roughness varies from approximately 5 cm to 14 cm, with
greater roughness near active landslide scarps and along the higher steeper slopes due to landslide
mechanics, surface deformation, and subsidence of material. The smoother topographic surface
roughness, which covered the flat surfaces and stable areas, was within a maximum range of 5 cm.

Figure 22. Topographic surface roughness index map of the creeping Salhoub/Al-Juaidieh landslide
calculated using a 0.5 m moving sampling window in the dense 3D point cloud.

The topographic surface roughness map (Figure 22) indicates that the dataset exhibits a good
correlation with the landslide scarp boundaries using the topographic surface roughness index
approach. To extract the candidate landslide scarps, the histogram of the topographic surface roughness
index distribution (Figure 23) was used to estimate the thresholds.

A defined threshold, which was equal to 2σ (0.046 m), was used as a filtering process. The filtering
process selected areas with a surface roughness value greater than 0.046 m. Figure 24 shows the
extracted features based on the 2σ threshold value.

Figure 23. Statistics of the topographic surface roughness index distribution.
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Figure 24. Extraction of landslide scarp features of the Salhoub/Al-Juaidieh landslide based on local
topographic surface roughness values.

The final results of the landslide scarp extraction process using the surface roughness index
approach are shown in Figure 25a. The extracted landslide scarps are overlaid on the orthophoto
image for verification in Figure 25b, and is the result shows that the extraction results are accurately
overlaid on the corresponding landslide scarps.

(a) (b) 

Figure 25. (a) Final landslide scarp detection results (blue) based on the topographic surface roughness
index and (b) the scarps overlaid on the orthophoto using UAV images of the study area.

4.5. Accuracy Assessment

The accuracy assessment of the identified results consisted of a comparison between the
automatically extracted scarp segments obtained from the different topographic surface analyses
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and manually digitized scarp segments. The manual measurements were accomplished using GIS
software, whereby the active landslide scarps were manually digitized (screen digitizing) by visual
recognition of the landslide scarp edges in the orthophoto image of the study area generated using the
dense 3D image-based point cloud, and this manual image was treated as ground truth data (reference
data) (Figure 26).

 

Figure 26. Manually digitized ground truth (reference) data for the landslide scarps overlaid on the
orthophoto image of the study area.

A per-pixel-based approach is used to validate and examine the accuracy of the extracted landslide
scarps. The results were compared to the reference data by calculating the RMSE between the
automatically extracted landslide scarp segments and the manually digitized landslide reference
segments (ground truth). If the average RMSE was above a threshold, then the entire landslide
scarp segment was regarded as an unmatched segment. The maximum RMSE tolerance was set to
6 pixels, which is equal to 30 cm (number of pixels multiplied by the pixel size equal to 5 cm) due
to the horizontal accuracy in the orthophoto when visually and manually digitizing. This maximum
tolerance buffer of 6 pixels was chosen to account for the manually digitized reference accuracy and
the minimum spacing between neighboring scarps (~70 cm) observed in this dataset. Using lower
tolerance values might miss true matches because of manual reference inaccuracies, and using a
higher tolerance value might cause detected scarps to be double matched to neighboring manually
referenced scarps.

The RMSE analysis was achieved using the proposed approaches shown in Figure 27a–c. No
significant differences in accuracy were found between the different automatic extraction methods
in this paper and the manually digitized landslide scarps. The RMSE values, which represent an
accuracy assessment, of the Eigenvalue ratio, topographic surface slope, and topographic surface
roughness index methods are 11.98 cm, 9.05 cm, and 10.45 cm, respectively. Thus, the positions of
the extracted scarp segments may have shifted by approximately two pixels on average from their
positions in the reference data. In general, the automatically extracted results were comparable to the
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results obtained through manual digitization of the orthophoto image of the study area for landslide
scarp identification. Therefore, the scarps in this study were accurately extracted.

 
(a) (b) (c) 

Figure 27. The average distance (RMSE) between the ground truth (red segments) and the
extracted landslide scarp data (blue segments); Scarp segments extracted using (a) Eigenvalues ratios;
(b) topographic surface slopes; and (c) topographic surface roughness index values.

Further validation and examination of the accuracy of the assessment was accomplished by
performing a confusion (error) matrix to quantify the errors as well as to assess the quality difference
between the two datasets obtained by visual interpretation (the reference data) and the map data
(extracted scarp segments) using a per-pixel approach. Each variable of the two datasets was organized
in a matrix format populated by the number of agreements and disagreements according to the
following four classes: (1) true positive (TP), or matched, which indicates that an extracted landslide
scarp correspond to a reference landslide scarp; (2) true negative, which indicates that the extracted
non-landslide pixels correspond to reference non-landslide pixels; (3) false positive (FP), or unmatched,
which indicates an extracted landslide scarp correspond to reference non-landslide pixels; and (4) false
negative, which indicates that an extracted non-landslide pixel corresponds to a reference landslide
scarp Matching was performed based on the constant in the pre-defined buffer method. The maximum
tolerance of the buffer around the reference landslide scarp data was set at 6 pixels. The parts of the
extracted data within the buffer were considered to match the manual reference. The accuracies of the
extracted landslide scarp segments based on the different approaches and the reference datasets are
shown in Tables 2–4. The error matrix was obtained for the per-pixel assessments of quality based on a
comparison of the extracted scarp segments as presented in Figures 17a, 21a, and 25a. The reference
map is shown in Figure 26.

The overall accuracy of the confusion matrix was calculated by dividing the total number of
agreements (i.e., the sum of the diagonal cells of the matrix) by the total number of samples. The user’s
accuracies, producer’s accuracies, and Cohen’s kappa coefficient statistics were calculated from the
confusion matrix to obtain a more in-depth perspective of the uncertainty analysis. The user’s accuracy
(row values) was based on the agreement of a particular class to the summation of all classes in each
row. Similarly, the producer’s accuracy (column values) was computed considering the agreement of a
particular class to the summation of that column. In many cases, according to Zhan et al. [105] and
Tuermer et al. [106], the user’s accuracy represents a measure of correctness (Equation (9)), and the
producer’s accuracy represents as a measure of completeness (Equation (10)).

Correctness “
ˆ

TP
TP ` FP

˙
ˆ 100 (9)

Completness “
ˆ

TP
TP ` FN

˙
ˆ 100 (10)
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Cohen’s kappa coefficient was calculated from the confusion matrix and was estimated for the
performance evaluation of landslide extraction. This coefficient is a measure of the agreement between
the extracted and reference data. In other words, the kappa statistics are a measure of true agreement,
which is represented by the following relationship [107]:

Kappa coefficient pkq “ N
řr

i“1 Xii ´ řr
i“1pXi`˚ X`iq

N2 ´ řr
i“1pXi`˚ X`iq

(11)

where (k) is the Kappa value, r is the number of rows in the confusion (error) matrix, Xii is the number
of observations in row i and column i on the major diagonal of the matrix, Xi` is the total observations
in row i, X`i is the total observations in the column, and N is the total number of observations included
in the matrix.

Table 2. Confusion (error) matrix for assessing the quality of extracted landslide scarps based on the
topographic Eigenvalue ratios approach.

Ground Truth
(Reference)

Positive NegativeTotal
User’s

Accuracy/Correctness
(%)

Error of
Commission

(%)

Extracted
Features

Positive 3917 846 4763 82.24 17.76
Negative 1306 26698 28004 95.37 4.66

Total 5223 27544 32767

Producer’s
Accuracy/Completeness

(%)
75.0 96.93 Overall accuracy 93.43%; kappa 74.58%.

Error of Omission (%) 25.00 3.07

Table 3. Confusion (error) matrix for assessing the quality of extracted landslide scarps based on the
topographic surface slope approach.

Ground Truth (Reference)

Positive Negative Total
User’s

Accuracy/Correctness
(%)

Error of
Commission

(%)

Extracted
Features

Positive 3325 781 4106 80.98 19.02
Negative 1468 27193 28661 94.88 5.12

Total 4793 27974 32767

Producer’s
Accuracy/Completeness

(%)
69.37 97.20 Overall accuracy 93.14%; kappa 70.78%.

Error of Omission (%) 30.63 2.79
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Table 4. Confusion (error) matrix for assessing the quality of extracted landslide scarps based on the
topographic surface roughness approach.

Ground Truth
(Reference)

Positive Negative Total
User’s

Accuracy/Correctness
(%)

Error of
Commission

(%)

Extracted
Features

Positive 3168 450 3618 87.56 12.44
Negative 1669 27480 29149 94.27 5.73

Total 4837 27930 32767

Producer’s
Accuracy/Completeness

(%)
65.50 98.39 Overall accuracy 93.53%; kappa 71.31%.

Error of Omission (%) 34.50 1.61

The overall qualities of the landslide scarp segments extracted from the Salhoub/Al-Juaidieh
landslide test site using different approaches were calculated to be 93.43% for the Eigenvalue ratio
approach, 93.14% for the slope approach, and 93.53% for the surface roughness index approach. The
producer’s accuracies (completeness) and user’s accuracies (correctness) were found to be 75.0% and
82.24%, respectively, for the Eigenvalue ratio approach; 69.37% and 80.98%, respectively, for the slope
approach; and 65.50% and 87.56%, respectively, for the surface roughness index approach. The main
causes of error, in terms of the extracted landslide scarp segments, were due to a few manmade
buildings and isolated bushes within the study area. These segments were not extracted because they
were directly connected to adjacent bushes and do not show the desired characteristics of landslide
scarps. Additional incomplete extracted scarp segments were associated with errors in the visual and
manual digitizing due to horizontal inaccuracy present in the orthophoto.

Kappa statistics arrange in from value of 1 or (100%), indicating a strong agreement, to 0 (or 0%),
indicating that any agreement is entirely due to chance (i.e., incorrectly extracted). Kappa values
greater than 75% indicate very good to strong agreement [108–110]. The values of the kappa coefficient
associated with the confusion matrices in Tables 2–4 were 74.58%, 70.78%, and 71.31%, respectively,
thereby denoting good agreement between the extracted results and the reference results.

5. Conclusions and Recommendations for Future Work

This paper presents a practical approach for the detection of landslide scarps using point clouds
that have been derived from captured imagery by low-cost unmanned aerial vehicles (UAVs). The main
advantages of the proposed methodology is allowing for the derivation of accurate information for
landslide characterization while alleviating the inherent risk in surveying hazardous landslide-prone
areas and reducing the incurred cost. Due to the inherent excessive lens distortions in the utilized
imaging system, GoPro Hero 3+ Black Edition onboard a DJI Phantom 2, a camera calibration and
stability analysis procedure is essential. Derived interior orientation parameters (IOPs) for the GoPro
during the time period from January to March, 2014 revealed that the camera maintains the stability
of its internal characteristics and is suitable for landslide mapping. The paper also introduces
procedures for automated recovery of the exterior orientation parameters (EOPs) of the images that
have been captured over the investigated landslide location as well as generation of dense point clouds
representing the surface within the mapped area. More specifically, a point cloud comprised of more
than 13.65 million points—whose average inter-point spacing and local point density values are 1.5 cm
and 4431.5 points/m2, respectively—have been derived from a set of 530 overlapping images.

The paper presented three automated approaches for the detection and extraction of scarps using
the morphometric characteristics of the derived point cloud. The first approach uses ratios among
the principal component analysis PCA-based Eigenvalues at local neighborhoods to extract salient
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geo-morphometric features that represent scarps. The second approach is based on slope variability
within local neighborhoods, which are defined by a 0.5 m moving window, while assuming that abrupt
slope changes will take place between two successive scarps. This slope change will become more
distinct as the scarps evolve. Finally, the last approach is based on evaluating the surface roughness
index for the derived point cloud at local neighborhoods represented by a moving window with 0.5 m
search radius.

The experimental results show that the proposed approaches accurately identify and extract
landslide scarps with a recognition accuracy of approximately 72%. The results also indicate that the
scarp detection is 70% complete and 84% correct with an overall quality of 93.4%. These measures
have been evaluated by calculating the Root Mean Square Error (RMSE) between the automatically
extracted landslide scarp segments and manually-digitized ones. No significant differences in accuracy
are observed among the different approaches. The RMSE analysis also revealed that the accuracy of the
topographic surface slope, topographic surface roughness index, and Eigenvalue-based approaches are
9.05 cm, 10.45 cm, and 11.98 cm, respectively. Thus, the proposed approaches can accurately identify
and extract landslide scarps at the decimeter-level accuracy. Such ability to detect landslide scarps will
lead to better understanding of the landslide mechanisms for a given area. This in turn will lead to
better identification of the most likely failure site within a landslide prone area and estimation of the
volume of potential sliding rock mass. In summary, the developed approaches are fast, economical,
labor-saving, and safe tools for detecting and recognizing landslide scarps. They can be also used
to monitor and assess the rate of horizontal displacement between the extracted landslide scarps at
different times.

The experimental results are based on datasets covering bare earth with little to no vegetation,
where the proposed approaches will lead to accurate scarp detection and extraction. Future work
will be extended to deal with areas covered by bushes, boulders, and tree stumps. More specifically,
filtering techniques will be developed to remove such features before the application of the proposed
approaches. In addition, rather than having three independent approaches, future research will
integrate the three proposed approaches to explore the possibility of improving the scarp detection and
extraction accuracy, especially in areas with higher levels of vegetation cover than the current study
site. Finally, the proposed methodologies will be incorporated for monitoring and change detection
evaluation while using temporal UAV-based datasets over a given site.
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Abstract: In this paper, we propose an advanced methodology to perform three-dimensional (3D)
Finite Element (FE) modeling to investigate the kinematical evolution of a slow landslide phenomenon.
Our approach benefits from the effective integration of the available geological, geotechnical and
satellite datasets to perform an accurate simulation of the landslide process. More specifically, we fully
exploit the capability of the advanced Differential Synthetic Aperture Radar Interferometry (DInSAR)
technique referred to as the Small BAseline Subset (SBAS) approach to provide spatially dense
surface displacement information. Subsequently, we analyze the physical behavior characterizing
the observed landslide phenomenon by means of an inverse analysis based on an optimization
procedure. We focus on the Ivancich landslide phenomenon, which affects a residential area outside
the historical center of the town of Assisi (Central Italy). Thanks to the large amount of available
information, we have selected this area as a representative case study highlighting the capability of
advanced 3D FE modeling to perform effective risk analyses of slow landslide processes and accurate
urban development planning. In particular, the FE modeling is constrained by using the data from
7 litho-stratigraphic cross-sections and 62 stratigraphic boreholes; and the optimization procedure is
carried out using the SBAS-DInSAR retrieved results by processing 39 SAR images collected by the
Cosmo-SkyMed (CSK) constellation in the 2009–2012 time span. The achieved results allow us to
explore the spatial and temporal evolution of the slow-moving phenomenon and via comparison
with the geomorphological data, to derive a synoptic view of the kinematical activity of the urban
area affected by the Ivancich landslide.

Keywords: 3D Finite Element model; landslides kinematics; Cosmo-SkyMed DInSAR measurements;
Ivancich landslide (Assisi, Central Italy)

1. Introduction

The assessment of the kinematical evolution of the slow landslides is challenging for the analysis
and zonation of the risk in urban areas. Indeed, the capability to detect the spatial kinematical
variability of a slow landslide processes can represent a fundamental source of knowledge to support
the land management decision for the development of infrastructures in urban areas. In this perspective,
the evaluation of the landslide displacement field at ground level in a certain time span, can impart
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important information for the prediction of the expected damage to buildings and infrastructure.
In addition, the understanding of the landslides kinematics is also crucial in defining efficient
prevention and mitigation strategies and can be effectively pursued only if multidisciplinary data,
both in terms of temporal and spatial coverage of the area is available.

The kinematics of the landslide phenomena has been analyzed in a large number of scientific
studies; the approaches range from the analytical one-dimensional (1D) infinite slope models, suitable
for landslides bodies with sliding surface depth about constant and significantly lower than the
landslide length [1–5], to more sophisticated two- (2D) and three-dimensional (3D) Finite Element (FE)
models aimed at detecting the different kinematical sectors along the slope area [6–9]. In particular,
the recent development of three-dimensional numerical codes allows us to carry out simulations of the
displacement rate field of a landslide process in a more realistic and accurate way. The simulations
of the landslide kinematics are achieved through the implementation in a numerical domain, of the
available a-priori information on the slope, as the topography, the landslide body geometry and the
mechanical properties of the involved geomaterials. Such enhanced information is retrieved through a
significant increase of the computational load of the 3D models with respect to 2D models. However,
this computational complexity can be correctly reduced when the examined landslide shows the
typical kinematical features of a landslide creep, i.e., landslide phenomena are characterized by very
low pore water pressure variation rates and consequently, the displacement rates do not significantly
change with time.

The reliability of the performed numerical models significantly improves when the same models
are calibrated and validated by using the measurements collected by means of the available monitoring
networks. To this purpose, the inverse analysis carried out via optimization procedures aimed at
searching for the model best-fitting solution against the monitoring dataset, represents a very efficient
tool in identifying the physical process that governs the observed phenomenon [8,9]. To accomplish
an effective inverse analysis of a 3D landslide model, spatially distributed surface measurements
are needed. In particular, a network of displacement measure points that covers a large portion
of the landslide body is required to correctly constrain the three-dimensional FE model. However,
surface deformation measurements based on in situ research (inclinometers, GPS, leveling) are often
unavailable, or only partially available, due to the high costs related to these technologies, especially
if needed for long-term research. In this context, satellite techniques offer an effective and reliable
alternative or a complementary tool to traditional in situ research. In particular, the Differential
Synthetic Aperture Radar (SAR) Interferometry (DInSAR) techniques are becoming a powerful tool
for monitoring, with centimeter to millimeter accuracy, the spatial and temporal evolution of slow
deformation phenomena [10]. In the last few years, the DInSAR technique has been used to detect,
study and monitor the surface displacements related to mass movement and slope instabilities [11–13]
through the availability of several advanced DInSAR algorithms able to retrieve deformation time series
and velocity maps [14–17]. Among the DInSAR techniques currently available, the Small BAseline
Subset (SBAS) approach [16,17] has well demonstrated its capability in monitoring the deformations
related to mass movement phenomena with high spatial density of measure points [18]. The SBAS
DInSAR measurements have already used the implement optimization procedure for the FE model
of a landslide process, mainly in two-dimensional domains [8]. Although the proposed studies have
allowed us to deeply explore the landslide kinematics along the considered 2D section, the achieved
results do not permit us to fully clarify the role of the geometrical and geological three-dimensional
features in the distribution of the deformation field at ground surface.

The present work (the Ivancich landslide, which affects a residential area outside the historical
center of the Assisi town, Central Italy), has been selected as a representative case study to
highlight the capability of advanced three-dimensional FE modeling as a complementary tool in
performing an effective risk analyses of the slow landslide processes and accurate urban development
planning (Figure 1).
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Figure 1. Study Area. Satellite optical image (source: Google Earth) of the Assisi surrounding area
(Central Italy) affected by the Ivancich landslide. Insert map, lower right corner, reports the geographic
location of the study area. Shaded area with red contour shows the zone involved by the recent slope
instability phenomenon. All the circles represent borehole data: blue circles represent the 1998 survey;
white circles are inclinometric boreholes (related to the same time period of the blue boreholes); red
circles correspond to the 2006 survey. The green squares identify the previous inclinometric survey,
acquired during 1982–1990 time interval. The arrows indicate the direction of the landslide movement.

The Ivancich landslide is an ancient landslide phenomenon and consists of a slow deep-seated
mass movement, which can be classified as a typical earth-slide [19]. Although the rate of movement
is very slow, the landslide has caused major damage to buildings, roads and infrastructures due to the
effect of accumulation of ground differential displacements over time [20,21]. The first evidence of
landslide activity were recorded in 1399 on the ancient Franciscan convent, which represented at that
time the only anthropic structure of the area. In accordance with the demographic development that
followed the end of World War II, the town of Assisi and its surrounding was intensely urbanized.
Consequently around 1970, further evidence of landslide mobility started to appear in the form
of growing damage to buildings, retaining walls, pipelines and road paving. The infrastructure
damage led local authorities in carrying out several geological and geotechnical investigations aimed
at studying the landslide process and designing the mitigation strategies [20,22]. Indeed, the area has
been deeply investigated over the last 20 years and extensively monitored through in situ inclinometers,
piezometers and GPS measurements [23–25]. At the same time, remote sensing techniques have been
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exploited in order to achieve dense spatial information of the unstable mass [18,26]. Such a large
availability of measurements and in situ data makes the Ivancich landslide a real-scale laboratory in
order to test and validate new approaches and techniques based on the integration of multi-source
data. In this scenario, the FE modeling approach, based on the integration of available geological,
geotechnical and satellite dataset, is aimed at investigating the 3D kinematical evolution of the landslide
in the different sectors of the instability process. In particular, we exploit 39 SAR images collected by the
Cosmo-SkyMed (CSK) constellation in the 2009–2012 time period, 7 litho-stratigraphic cross-sections
and 62 stratigraphic boreholes.

Finally, the achieved outcomes allow us to investigate the spatial and temporal evolution of the
slope affected by slow-moving phenomenon and via comparison with the geomorphological data, to
derive insights into the kinematical activity map of the whole area affected by the Ivancich landslide.

2. Measurement Datasets

2.1. Geological and Geomorphological Data

From the 1970s to the present day, the Ivancich landslide has been deeply investigated from a
geological and geotechnical point of view, so that the geometry of the active landslide has been quite
accurately defined. The landslide morphology is characterized in the upper part by the presence of
banks and detachment surfaces; secondary banks and smaller detachment niches are also present
inside the landslide body; the lower zone of the landslide has a smaller slope inclination, showing
an evident accumulation area with a tongue shape. The landslide has a total length of 1.4 × 103 m
from the scarp of the source area to the nail of the toe area and the total surface area is estimated
to be about A = 4.1 × 105 m2 (Figure 1); the slope presents an average inclination of about 21%.
In addition, the geomorphological and topographic surveys revealed that the slope movement is an
old translational slide, with a rotational component in the source area which moves along a well-defined
shear band [18]. In particular the mass movement involves a debris deposit from 15 to 60 m in thickness,
overlaying bedrock that consists of a pelitic sandstone unit and layered limestone. The performed
in-situ investigations (also from the analysis of 62 stratigraphic boreholes) allow us to reconstruct
with a high degree of accuracy, the depth of the bedrock and the geometry of the sliding surface
(Figure 1). The unstable mass consists of a debris mass flowing over a stable bedrock composed of marl,
sandstone and limestone (Figure 2a). Both transverse and longitudinal litho-stratigraphic sections
highlighting the thickness of the landslide debris have been reconstructed (Figure 2b). The bedrock is
characterized by a pelitic sandstone formation that consists mainly of marl, clay marl and calcareous
marl and sandstone with variable thickness, from a few centimeters to several meters. The shallower
part of the bedrock, in contact with the landslide detritus, is strongly weathered. The marl and marly
limestone formation is characterized by calcareous marl stratification hardly distinguishable owing to
the intense cleavage.

As explained before, the contact with the detritus is represented by a marked alteration band with
a thickness not larger than 2 m, which can be recognized as the shear zone delimiting the landslide
body. A fundamental constraint for the modeling approach, which is presented later on, derives
from electric piezometer cell recordings, which do not measure relevant variations of the pore water
pressures at the depth of the shear band. In particular, the ground water surface is measured to be
only few meters above the shear band, resulting in very low piezometric heights, when compared to
the total stress levels [18]. This further confirms the assumption of a landslide creep.
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Figure 2. 3D view of geo-lithological data. Cross-sections of Ivancich area and the related traces
are reported in the maps of panel (a) and (b) as black lines; (a) Contour of topographic map: the
red line and the red shaded area indicate the boundaries and the area of the landslide, respectively;
(b) Geological map: the brown surface represents the shear zone. In the legend we report the different
lithologies of the cross section and geological map.

2.2. Inclinometric Measurements

From 1982 to 2008, numerous investigations of sub-surface landslide area, consisting of borehole
inclinometer measurements [14,23], have been carried out in order to define the geometry of the sliding
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mass and to acquire data on the sub-surface displacement trend (Figure 1). All inclinometer data,
except for n◦121 and n◦126 (outside the landslide area), indicate an abrupt increment of the cumulated
displacements along the vertical profile, at depths ranging between 10 and 55 m, from the top to the
toe of the landslide; the spatial correlation of this information has allowed us to identify the depth
of the sliding surface throughout the landslide area. Therefore, the measurements acquired between
1998 and 2005, complementary to the satellite monitoring of the landslide kinematics, highlight the
existence of a shear zone characterized by a thickness lower than 2 m, over which the landslide debris
moves approximately as a rigid body [20].

The n◦103 inclinometer shows a cumulated displacement at the ground surface of about
7 cm from January 1999 to October 2009 (displacement rate approximately equal to 0.6 cm/yr);
for n◦113 inclinometer, the measurements from December 1998 to December 2005 show a cumulated
displacement at the ground surface of about 7.5 cm (approximately 1 cm/yr); for n◦117 inclinometer,
the measurements show a cumulated displacement at the ground surface of 6 cm, from December 1998
to July 2004 (approximately 1 cm/yr). Moreover, at the inclinometers located in the uppermost area
of the landslide, slightly lower values of cumulated displacements were recorded: the inclinometers
n◦128 and n◦202 respectively show about 3 cm between March 1999 and December 2008 (average
displacement rate = 0.3 cm/yr) and about 4 cm between December 1998 and February 2008
(displacement rate = 0.4 cm/yr). Therefore, the inclinometer data indicate that the major landslide
activity involves the central sector. It is worthwhile pointing out that the available inclinometers
dataset [20,23,24] is utilized in order to spatially constrain the three-dimensional geometry of the
shear-band, which delimits the landslide unstable mass at depth, as already demonstrated by
Castaldo et al. [8].

2.3. Satellite Data

To rely on a large network of surface deformation measure points, we also benefit from remote
sensing observations. In particular, we use the results achieved by applying the DInSAR technique for
monitoring the surface deformations caused by the Ivancich landslide. DInSAR is an active microwave
remote sensing technique that exploits the phase difference (i.e., the interferogram) between SAR
image pairs acquired over the same area at different times, in order to extract information on the
projection along the radar Line Of Sight (LOS) of the surface deformations that occurred between
the two SAR acquisitions [27]. Among the several DInSAR techniques, in this work we benefit from
the full resolution Small BAseline Subset (SBAS) approach [17,28] that has the capability to retrieve
a very large number of measure points by processing only interferograms less affected by noise
(small baseline interferograms) [16]. The SBAS DInSAR approach has been successfully applied in
analyzing deformation phenomena caused by natural and human-induced processes, resulting a
useful tool for the assessment and mitigation of the hydrogeological and urban risk [18,29–33]. Such a
capability allows us to map the whole zone covered by the mass movement, by retrieving accurate
and spatially dense information on the surface displacements affecting the investigated area.

The Ivancich landslide has been studied by using different SAR datasets to detect surface
displacements and to carry out their long-term monitoring [18,26,30]. In this work, we benefit from
the images acquired by the Cosmo-SkyMed (CSK) constellation. The CSK system is able to collect a
sequence of SAR images of the Earth’s surface with very short revisit time (4 days in the interferometric
mode) and high spatial resolution (3 m in the stripmap mode and 1 m in the spotlight mode). These
characteristics allow us to significantly increase, up to 15 times, the measure point density with respect
to ERS-ENVISAT analyses, as demonstrated by Calò et al. [18]. This improvement is particularly
significant in investigating the Ivancich landslide by integrating satellite measurements with in situ
information since they allow a detailed analysis of the spatial distribution of the ground deformations.
The CSK DInSAR measurements (Figure 3) already presented by Calò et al., [18], are retrieved by
processing 39 images acquired from descending orbits between December 2009 and February 2012.
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Figure 3. DInSAR measurements. CSK LOS mean deformation velocity map superimposed on the 3D
view of satellite optical image with the DEM contour lines (grey lines). The red shade shows the zone
involved by the recent instability phenomenon.

According to Bovenga et al., [26], Calò et al., [18] and Castaldo et al., [8], the DInSAR
measurements show a quasi-linear LOS displacement trend (Supplementary Materials Figure S1), and
a slight increase of the displacements over long time period. Similar outcomes have also been retrieved
through the analysis of the measurements provided by a GPS network consisting of 16 stations [25].
Such a study shows that the maximum displacement values are observed in the central part of the
landslide body and the vector direction follow the maximum slope line. The deformation trends have
been evaluated on a long-term period and confirm a quasi-linear behavior with a value of squared
correlation coefficient very close to the unity (R2 = 0.988) [25].

The kinematic of Ivancich landslide is characterized, in the considered time interval (2009–2012),
by a movement of the unstable mass directed downwards following the maximum slope line.
The displacement rate is quite slow since the estimated maximum LOS mean velocities are of the order
of 1 cm/yr as measured in the middle-upper area of the landslide body; lower displacement rates have
been measured both in the lower and in the uppermost area of the landslide. The displacement rate
values are in good agreement with those resulting from the inclinometer data (see Section 2.2), showing
LOS velocities practically constant over time. As regards to the middle-upper sector of the landslide,
Figure 3 also reveals a reduction of the LOS velocities measured for pixels located close to the right-hand
side of the landslide body, in the range from −0.2 to −0.5 cm/yr, with respect to those observed in
the central portion at corresponding elevations (−0.5 to −1.2 cm/yr). This result indicates a clear
spatial variation of the landslide kinematical evolution, with higher velocities along the longitudinal
axis and lower values along the lateral boundaries. In addition, the ground displacement velocity
field, estimated via interferometric data processing, were in good agreement with the superficial
boundaries of the landslide body as derived from the geomorphological analysis (Figure 3). However,
this comparison is possible only for the coherent SAR pixels, which are located mainly in the central
region of the unstable mass.
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Finally, the SBAS-DInSAR displacement time-series also provide additional information regarding
the effects of the rainfall regime on the landslide behavior. As a matter of fact, a comparative analysis
of the landslide kinematics with the rainfall records for the same period [18] indicate the absence of
a direct/immediate response of the surface deformation to the rainfall regime and furthermore, a
complex temporal interaction between rainfall amount and ground movements. Accordingly in the
advanced FE analysis described in the following section, we consider the possible effects due to rainfall
as negligible and approximately assume the soil system as a single-phase material.

3. Three-Dimensional Finite Element Modeling

In this work, we exploit a numerical approach based on an optimized three-dimensional FE model
that is constrained by DInSAR and field measurements. In particular, we combine the benefits of a
deterministic numerical approach with statistical methods aimed at improving and optimizing the
obtained numerical solution in order to analyze and interpret the ground deformations measured in
the whole landslide area.

Based on the linearity of kinematics affecting the unstable mass, as observed according to the
landslide monitoring dataset, we carry out the three-dimensional FE modeling of the active ground
deformation field by assuming, as a first approximation, the soil material behavior as Newtonian
fluid characterized by viscosity constant over time. We remark that this model can be applied mainly
to landslide cases where the shear zone geometry is well formed and well known by means of
accurate and detailed in-situ investigations. In this scenario, the distribution of the soil viscosity
parameter within the whole numerical domain can be evaluated through an advanced procedure that
implements a nonlinear optimization of the model parameters aimed at simulating the CSK DInSAR
measurements. Accordingly, we can assume a steady-state viscous flow (Newtonian fluid) solved
through the incompressible Navier–Stokes differential equations:

{
− ∇· μ (∇u + (∇u)T) + ρ (u·∇)u +∇p = F

∇· u = 0
(1)

where u [m/s] is the deformation velocity vector; F [Pa/m] is the body force term; ρ [kg/m3] is
the density; p [Pa] is the pressure; and μ is the dynamic viscosity [Pa·s] (hereafter referred to as
viscosity) [34].

The first step of the analysis deals with the setup of the a priori geo-lithological model.
The interpretation of the available geological data provides a more accurate insight on the landslide
geological conditions, as well as a more effective view capability of complex geological processes.
In particular, in a geo-referenced system, the DEM (Digital Elevation Model), the geological map, the
lithological cross-sections and the inclinometric borehole data are taken into account (Figure 4a,b) to
define a realistic 3D geo-lithological model (1.5 × 1.5 × 0.1 km3) of the Ivancich area.

Consequently, we have implemented the 3D geo-lithological model of the whole landslide divided
into five geo-mechanical units within a numerical environment (see Table 1 for the corresponding
physical properties): the limestone bedrock, in the upper part of the slope; the pelitic sandstone
bedrock in the central and lower portions of the slope; the landslide deposit formed of unsorted debris;
the colluvial deposit in the landslide toe area; the shear zone characterized by thickness of less than
2 m at depths ranging between 15 and 60 m from the ground surface.

The performed 3D geo-lithological model allows us to finely define the geometric features of
the shear zone beneath the landslide deposit. Subsequently, we divided the shear zone into three
sectors characterized by a homogenous viscosity value (Figure 4b), in accordance with both the
geomorphological features along the slope and the kinematical behavior observed for the different
portions of the landslide. The evidence of the existence of different landslide kinematical sectors is
also supported by the analysis of the DInSAR measurements, which proves that the identified sectors
are characterized by different kinematical rates.
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Figure 4. 3D FE Model: (a) Simplified geological model exploited in the FE environment; for each
domain we report in Table 1 the physical and mechanical parameters relevant to the different lithologies,
reported in Figure 2a; Panel (b) highlights the shear domain. The three sectors with different values of
viscosity (μ) are also shown; the corresponding values are reported in Table 2; (c) Discretized numerical
domain with the boundary conditions: fixed and roller ones.
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Table 1. Input Parameters: Physical and Mechanical Properties of the Geo-Mechanical Units.

Rock Material Density [kg/m3] Young’s Modulus [MPa] Poisson Ratio [–] Viscosity [Pa·s]

Limestone bedrock 2200 8 × 103 0.28 1 × 1022

Pelitic-Sandstone bedrock 1850 7 × 103 0.26 1 × 1021

Debris deposit 1600 1 × 10 0.24 1 × 1018

Colluvial deposit 1700 6 × 10 0.24 1 × 1020

Shear band 1600 1 × 10 0.23 –

Table 2. Optimized Parameters. Physical Parameters Bounds Used for the Shear Band Sectors in the
Optimization and the Best Estimated Value.

Viscosity [Pa·s] Lower Bound Upper Bound Estimated Value

μ1 1 × 1014 5 × 1016 5.3 × 1015

μ2 1 × 1012 5 × 1014 2.5 × 1013

μ3 1 × 1011 5 × 1013 1 × 1012

We remark that such an accurate definition of the shear zone domain is not possible in the 2D
scenario [8], that represents, for the lack of geometrical constraints along the considered section, a
rougher model. However, it is worth noting that the proposed subdivision has no significant impact
on the applicability of the method and a finer discretization, although involving an increase of the
computational load, can be easily applied in more complex scenarios.

The 3D numerical domain is discretized by creating a mesh that consists of about
620,000 tetrahedral elements. The element sizes range from 2 to 200 m; moreover, a mesh
refinement was applied within the shear-zone domain where higher deformation rates were expected.
The generated mesh is then validated through several resolution tests [35,36], which indicate a
negligible mesh-dependency of the solution, since the use of a finer mesh would have affected the
results by less than 2%.

Regarding the boundary conditions, the upper part of the geometry model which represents the
ground surface of the slope, is considered as unconstrained (free surface); the bottom boundary is fixed.
The four lateral side boundaries are instead characterized by null horizontal displacement. Finally, the
inner domain is characterized by continuity between the different geological units.

According to Griffiths and Lane [37], we perform our modeling in two stages: gravity loading,
aimed at defining a stress field representative of the current stress state of the slope; landslide process,
i.e., the kinematics simulation. During the gravity loading, the stress state of the slope is defined by
considering the slope as subjected to the soil gravitational loads and assuming elastic soil behavior.
At this level, only the generated stress field is considered while the nodal displacements are kept equal
to zero. In the landslide process, the previously calculated stresses are applied to the whole domain
and the Newtonian approach is considered to simulate the kinematical trend of the landslide during
the 2009–2012 time interval. The analysis implicitly assumes that the landslide body, delimited by
the underlying shear zone, is unstable or marginally stable: this is specifically verified by means of a
limit equilibrium calculation that provided a stability factor of the landslide body close to unity. It is
worthwhile stressing that for the considered Newtonian viscous flow, soil is assumed to behave as a
single-phase material. As described before, this assumption is supported by the available open-pipe
piezometric measurements (Supplementary Materials Figure S2), locally indicating moderate variations
of the water level within the landslide debris and by electric piezometer measurements showing very
low variations of the pore water pressure at the depth of the shear band. Accordingly, we can assume
that the pore water pressure regime plays a minor role in the landslide evolution process and separation
between pore fluid and soil skeleton behavior is not needed for the present study. Note that, in order
to simulate the landslide debris movement approximately as a rigid body, in the considered physical
context the viscosity values of the layers overlaying the shear domain (surrounding rocks) are chosen
with different order of magnitude (Table 1).
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In order to integrate all the available data described in Section 2 and solve the field Equation (1),
the COMSOL Multiphysics finite-element modeling code is used.

The modelled displacement rates are evaluated at the topographic surface, projected along
the satellite line of sight (LOS) and compared with the DInSAR measurements. In particular, the
optimization procedure is performed by exploiting the CSK SBAS-DInSAR results (Figure 3). To
detect the model providing the best agreement between DInSAR measurements and FE model, we
use the Monte Carlo statistical method, which is based on the exploration of the parameter values
in a defined space of variables (coordinate search method) [38,39]. This procedure allows us to find,
for the three different shear band sectors, the viscosity parameters that correspond to the model that
best-fits the DInSAR measurements. To evaluate the similarity between the data vs. model, we use the
Root Mean Square Error (RMSE) cost function; it is represented by a weighted average of the residuals,
expressed as:

RMSE =

√√√√ 1
N

N

∑
i

(di,obs − di,mod)
2

σi
(2)

where di,obs and di,mod are the observed and modeled displacement of the i−th point, σi is the standard
deviation for the N points.

4. Results

A quantitative comparison between the CSK SBAS-DInSAR measurements (Figure 5a) and the
achieved model results projected along LOS (Figure 5b), computed in correspondence of the SAR
coherent pixels is performed; the Figure 5c represents the difference (residuals) between data and model
results. The residuals map (Figure 5c) shows the good fit between data and model results, revealed
also by the RMSE value that is equal to 0.15 cm/yr, smaller than the accuracy of the SBAS-DInSAR
measurements [28]. In addition, the performed analysis also provides a good temporal fit between the
DInSAR deformation time series and the modeled one for the considered time interval (Supplementary
Materials Figure S1).

Starting from the analysis that best-fits the displacement monitoring data, we evaluate the related
viscosity parameters of the three sector of shear zone (μ1, μ2, μ3). The corresponding estimated values
are reported in Table 2, along with the initial ranges adopted for the analysis.

The optimized FE model allows for the analysis of the overall ground velocities field. In Figure 6a
we show the amplitude and direction of the achieved velocity field; in this map the amplitude of the
velocity field reaches a maximum value of 1.5 cm/yr at altitudes between 320 and 400 m a.s.l., in
the middle-upper part of the unstable area. In addition, the model results well represent the slight
curvature in the horizontal plane of the landslide process along the South-East direction, as also
highlighted by the modeled vectors (Figure 6a). A comparative analysis between the morphological
units of the Ivancich slope (ancient and active edges landslide) as proposed by Pontoni [23,24] and
the model results are also reported (Figure 6b); more than the 70% of the mapped geomorphological
structures (units 6–11) are enclosed in the region where the 2009–2012 deformation process is active.
The units 12 and 13 are marginally involved while the units 1–4 seem to be not active in the considered
time interval (with mean velocity lower than 0.3 cm/yr). Our analysis also highlights the existence of a
spatially correlated deformation pattern (0.5 cm/yr) superimposed on the cataloged ancient structures
located in the North Western region of the landslide slope.

Finally, we show a map with the computed shear rate values (Figure 7a) that represents the ratio
of the shear stress to the dynamic viscosity. It is interesting to note that the landslide portions where
the structures are damaged, as many photographs recorded in the Ivancich surroundings clearly show
(Figure 7b), are in accordance with the distribution of the anomaly of the shear rate. In fact, serious
damage corresponding to the P2, P3 and P5 sites are localized along the landslide boundaries and in
correspondence of highest values of shear rate.
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Figure 5. Geodetic inversion results: (a) Data; (b) Model and (c) Residuals relevant to the DInSAR
velocity map superimposed on the filled contour DEM. The shading area indicates the unstable
slope mass.
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Figure 6. Analysis of FE Model results: (a) 3D view of modeled velocity vectors (blue arrows
superimposed on the contour lines of the velocity field; (b) Modeled velocity map compared with
the geomorphological evidences represented by the quiescent (cyan) and active (blue) elements as
proposed by Pontoni [23,24].
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Figure 7. Shear rate map and structure damage: (a) Shear map superimposed on the satellite optical
image of the Ivancich surrounding area (source Google Earth); (b) The pictures of the structure damage
indicated with labels P1, P2, P3, P4, P5, P6 are shown.
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5. Discussion

In this work, we perform a three-dimensional optimized model based on a fluid-dynamic physical
scenario realizing an effective integration of satellite and terrestrial observations in the FE environment.
In detail, based on the linearity of kinematics affecting the unstable mass as ensured by the DInSAR
deformation time-series, we can assume the soil material behavior as Newtonian fluid, characterized
by the viscosity parameter constant over time. Despite that, the Newtonian fluid assumption is not
a rigorous constitutive model for the soil physical proprieties, it is useful to simulate the landslide
kinematical behavior; we remark that this model can be applied only to a landslide-type where
the shear zone geometry is well formed and well known by means of accurate and detailed in-situ
investigations (Figure 2).

In this perspective, a three-dimensional kinematical model is performed, providing a full map
of the current landslide velocities, both in terms of modules and corresponding directions. A spatial
kinematic variability is also highlighted from the retrieved velocity map, since lower velocities
are calculated along the lateral boundaries of the landslide with respect to the inner portions.
The consistency of the model results with respect to the DInSAR velocity field (Figure 5) also represents
a further back-validation of the 3D shear zone geometry. In addition, we compare the modeled velocity
pattern with the main geomorphological features of the Ivancich slope (ancient and active edges
landslide) highlighting a good match. In fact, the analysis reveals that more than the 70% of the
mapped geomorphological structures are still active. The existence of a stable geological element made
of in-place pelitic sandstone, along the left-hand side of the landslide at middle elevations, probably
influences the direction of the phenomenon toward South-East, as supported by the geomorphological
features of the study area (Figure 6). Moreover, we correlate the additional damage and the modeled
shear rate. This study reveals that ruptures are most severe along the landslide boundaries between
active and inactive sectors; this result is expected when the spatial gradient of the modeled velocities
field in maximum (Figure 7). We argue that the information on the average landslide velocities and
shear rate can provide an important contribution into predicting possible deformation scenarios for
structures and infrastructures lying within the landslide area and for the land management of the
whole area. Our results furnish a promising support for risk analysis of very slow landslides within a
reasonable time span and for which the analysis can be considered as an expected representation of
the coming years.

In order to show the advance of our 3D modeling respect to the 2D FE ones [8,18], we perform
a comparative analysis between the retrieved velocity fields reported in Supplementary material
(Figure S3). The achieved results point out a significant improvement of the residual values. It is
worthwhile pointing out that the 3D optimized viscosity values are lower than those achieved via
2D modeling. These discrepancies could be related to: (i) the effect of the detailed shear zone
geometry; (ii) a different confining effect and stress field of the three-dimensional model respect
to the two-dimensional one. However, these results emphasize how the modeling approach is strongly
influenced by the type of the performed dimensional analysis.

6. Conclusions

The achieved results clearly demonstrate how the integration of remote sensing, in-situ monitoring
and FE modeling is strategic in performing detailed analyses of complex deformation scenarios.
By benefiting from three-dimensional advanced modeling tools we can effectively investigate
the overall mechanism of the evolution of the ground displacements related to slow landslide
phenomena, as well as outline possible risk scenarios. As a matter of fact, if in-situ measurements
or DInSAR-based analyses are capable of exploring the displacement trends of specific sectors
of a landslide process, the three-dimensional model can provide a thorough physically-based
conceptualization of the landslide kinematics, provided that the same model is calibrated and
optimized against the aforementioned measurements.
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The calibrated three-dimensional FE model provides more opportunities as a zonation tool
capable of identifying and updating the status of the morphological structures originally mapped
from in-situ investigations. The amplitude of the velocity field reaches a maximum value of 1.5 cm/yr
at altitudes between 320 and 400 m a.s.l., in the middle-upper part of the unstable area; more than
the 70% of the mapped geomorphological structures are enclosed in the region where the 2009–2012
deformation process is active. The model fully delineates the landslide portions that are subjected
to different landslide velocities and this can be useful for land management purposes; therefore, the
comparison between the 3D vs. 2D model results highlights that the sliding surface, calculated via the
3D geo-lithological model, is more realistic in respect to those realized in the 2D model.

Finally, we remark that the damage analysis detected in the Ivancich surroundings compared
with the three-dimensional FE model results, reveals that ruptures are most severe along the boundary
between active and inactive landslide sectors where the shear rate values are high. Hence, the
proposed three-dimensional FE modeling tool represents a valuable support for landslide risk analyses
and urban development planning within a specific territory area affected by complex slow-moving
landslide processes.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/8/8/670/s1.
Figure S1: (a) CSK mean LOS velocity map superimposed on the 3D view of Satellite optical image with the DEM
contour lines (grey lines). The shade of red shows the zone involved by the recent instability phenomenon. The
blue triangles indicate the four SAR pixels of the CSK DInSAR measurements; (b) The plots allow comparing
the time series of four SAR pixels (from upstream to downstream) and the fluid dynamic model projected in
LOS. Figure S2: Limit Equilibrium (LE) analyses carried out in order to assess the stability conditions of the slope,
based on the available geological, geomorphological and geotechnical dataset. In particular, a pore pressure
distribution defined according to a finite element seepage analysis in agreement with the available piezometer
measurements has been assigned in the LE calculation. According to the results of direct shear tests performed
on samples taken at the depth of the sliding surface, a cohesion intercept equal to c’ = 0 and a friction angle of
ϕ’ = 15◦ have been considered as operative values of the shear strength parameters along the shear band and
have been used for the LE analysis. The calculation results indicate that the stability factor of a landslide body
corresponding to the central portion of the examined landslide, i.e. the most active zone of the landslide area,
is FS = 0.99, whereas FS is equal to 1.02 for the whole landslide body. This confirms that the whole landslide
body is at LE conditions. Figure S3: (a) Modelled LOS velocity map. The black line shows the SS’ trace, already
presented in [18]; (b) Extrapolated profile along SS’ from 3D model vs DInSAR measurements; (c) model and
DInSAR measurements from [18]; (d) residuals comparison.
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