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The 2008 Wenchuan earthquake in Sichuan, China, dramatically changed the terrain surface by inducing large
numbers of landslides. Due to the lack of adequate pre- and post-earthquake Digital Elevation Models, the
landslide volume estimation was done either using empirical area-volume relationships over large areas or by
ﬁeld surveys in a few catchments with debris ﬂow threats. The trend of the change of volume of loose materials
in the earthquake aﬀected area over the decade since the earthquake remains largely unknown. In this study we
were able to address this issue using nine DEMs taken at diﬀerent years and from diﬀerent sensors to study the
change in loose material volume caused by co-seismic and post-seismic landslides over a period of 9 years. The
area around the towns of Yingxiu and Longchi, for which also multi-temporal landslide inventories were
available, was selected for this study. Methods to register the DEMs and minimize their vertically bias were
applied. The quality of the DEMs was assessed through GCPs and terrain representation. As could be expected,
high resolution DEMs showed more realistic volume estimates than the low resolution ones. The analysis showed
that the frequency and magnitude of the landslide volume dynamics decreases signiﬁcantly after the early postseismic period, and in the last years human activities became a more dominate factor than mass movements. The
post-seismic material loss from 2008 to 2014 was close to the gained volume of the co-seismic landslides, and the
depletion of the materials was mostly at the toes of the co-seismic landslides. The analysis was done based on
gain and loss calculated from the DEMs, and actual volumes could not be calculated due to unknown failure
surface depths of the landslides.

1. Introduction
Volume is a crucial component in landslide studies, as it is required
in estimating hazard intensities for risk assessment and the planning of
risk mitigation measures. It is also very important in order to understand or model subsequent hazards, e.g. the damming potential of
landslides, or post-earthquake debris ﬂow hazards. The methods for
landslide volume estimation can be classiﬁed into ﬁve types with different focuses: ﬁeld surveys, physically-based modelling, empirical
modelling, multi-temporal DEM analysis, and geometrical estimation.
Field surveys for the measurement of subsurface terrain are implemented in many cases (Le Roux et al., 2011; Lugaizi, 2008; Samyn
et al., 2012). Geophysical measurements and borehole data are used for
the reconstruction of the surface of rupture at site investigation level. A
review of geophysical methods for landslide volume estimation is given
by Jongmans and Garambois (2007). This method is usually time and
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budget consuming, and usually applied on individual landslides only,
and not over larger areas. Physically-based modelling is an approach to
simulate failure processes using soil and rock mechanics, and the estimation of landslide volume is linked with the mechanism of slope
stability. Applications like Scoops3D (Reid et al., 2015), r.rotstab
(Mergili et al., 2014) and the script made by Marchesini et al. (2009)
were developed for this purpose. Their drawback is that it is often
diﬃcult to parameterize these models given the spatial variation of
geotechnical and hydrological parameters (Reid et al., 2015).The most
frequently used method for landslide volume estimation is to apply
empirical relationships between landslide area and volume, which have
been developed in several regional studies with site-speciﬁc parameters
(e.g. Guzzetti et al., 2009; Larsen et al., 2010; Tseng et al., 2013). The
results may also vary based on the quality of the landslide mapping
(Guzzetti et al., 2009). Some studies tried to estimate the geometry of
the landslide body using geometrical equations (Cruden and Varnes,
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Fig. 1. Study area with co-seismic landslides mapped by Tang et al. (2016). Also the location of ground control points (GCPs) for co-registration of the DEMs is
indicated. The coverage of the nine DEMs is shown in the bottom. The capital letters refer to the DEMs in Fig. 2.

ﬁnished. Unfortunately, the pre-earthquake elevation data was very
general and lacks suﬃcient accuracy for co-seismic volume estimation.
Many studies on post-earthquake landslide mechanisms were carried
out, but volume estimations of co-seismic and post-seismic landslides
over large areas were complicated due to the lack of suitable Digital
Elevation Models (DEMs). An early general estimation of the co-seismic
landslide volume, conducted by Parker et al. (2011) based on spaceborne INSAR, resulted in a total landslide volume of 2.6 km3 with an
uncertainty of 1.2 km3. Empirical area-volume relationships were applied in local regions (Fan et al., 2011; Tang et al., 2012b), and the
results varied considerably due to the diﬀerences in landslide mapping
and areas covered.
Volume measurements of individual landslides were mostly carried
out by drilling bore holes and applying geophysics methods in those
catchments that produced catastrophic debris ﬂows. These ﬁeld measurements aimed to provide information for the design of debris ﬂow
mitigation works and early warning systems. Studies were carried out
for example in the Hongchun catchment which produced a large debris
ﬂow that temporally dammed the Minjiang river (Li et al., 2011), in the
Niujuan catchment that produced more than ten debris ﬂows since
2008, damaging the national road and partially blocking the Minjiang
river (Hao et al., 2011), and the Wenjia catchment which produced the
largest debris ﬂow in China since 1949 (Yu, 2010). Researchers have
applied remote sensing for volume estimation for a limited number of

1996) or the surrounding terrain (Chen et al., 2013). These methods are
site speciﬁc and diﬃcult to apply for large numbers of landslides.
With the fast developments in remote sensing technology, the
comparison of pre- and post-event Digital Elevation Models (DEMs) has
become a common technique to estimate the volume of mass movements. Landslide volume can be calculated using the elevation diﬀerence between a pre-landslide and a post-landslide DEM. As long as they
are precise enough and with good co-registration, the accumulated and
removed material volumes could be calculated by subtraction of the
two DEMs (Chen et al., 2014), although problems may occur when a
part of the landslide deposits remains on top of the failure surface.
DEMs from many diﬀerent sources were applied in landslide studies:
contour lines (Kerle, 2002; van Westen and Lulie Getahun, 2003),
photogrammetry from aerial photos taken from airplanes, helicopters
or UAV's (Chen et al., 2006; Dewitte et al., 2008; Kerle, 2002; Pesci
et al., 2004), photogrammetry from satellite images (Martha et al.,
2010; Stumpf et al., 2014), airborne laser scanning (ALS) (Chen et al.,
2006; Dewitte et al., 2008; Tseng et al., 2013), ground surveys using
terrestrial laser scanning (TLS) (Barbarella et al., 2015; Pesci et al.,
2004; Prokop and Panholzer, 2009), and GPS kinematic surveys (Pesci
et al., 2004).
Several investigations have been done on landslide volume estimation in the Wenchuan area. The earthquake occurred in 2008, before
the new national topographic survey (available since 2011) could be
90
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3.1. Contour-based DTMs from NASG

individual landslides in the Wenchuan area (Chen et al., 2014; Scaringi
et al., 2018). However, the volume change of landslide materials over
the years after the earthquake has not been investigated with the use of
DEMs. This study aims to analyse the dynamic development of landslide
volumes over a period of 9 years, starting with the 2008 Wenchuan
earthquake until 2017, using nine DEMs from diﬀerent sources. A
method to register the DEMs was developed and volume diﬀerences
caused by co-seismic landslides and post-seismic erosion and entrainment were analysed.

Two digital contour maps were acquired from the National
Administration of Surveying, Mapping and Geo-information of China
(NASG). The ﬁrst one (SG2006, Fig. 2A, J) collected in 2006, was in the
form of a 20 m interval contour and covered the entire earthquake-affected area. This data was interpolated into a DTM with a cell size of
25 m which was widely used in research work on the Wenchuan
earthquake as it was the only pre-earthquake DEM covering the entire
aﬀected area. The second contour map (SG2014, Fig. 2B) had 10 m
interval and was collected in 2014. Both contour maps were generated
by photogrammetry using satellite images, combined with ground
surveys. Based on the observation of the horizontal contour line distances, we used pixel sizes of 20 m for SG2006 and 5 m for SG2014
during the interpolation with the “Topo to raster” tool in Arcmap. They
diﬀered considerably in representing localized terrain features such as
small sub-catchments and ridges. SG2006 ignored most of the small
scale features, while SG2014 showed much more detail, although only
the larger landslides were visible in SG2014.

2. Study area
The estimated number of landslides triggered by the 2008
Wenchuan earthquake that occurred in Sichuan province, China,
ranged from approximately 56,000 (Dai et al., 2011; Gorum et al.,
2011) to 197,481 (Xu et al., 2013). In the years following the earthquake rainfall events triggered thousands of debris ﬂows across the
earthquake-aﬀected mountainous region, destroying or damaging many
temporary shelters, roads and reconstructed buildings (Tang et al.,
2012a; Xie et al., 2009; Xu et al., 2012; Yu et al., 2013). The most
common triggering mechanism of the debris ﬂows was high intensity
rainstorms in combination with a large volume of loose materials created by the co-seismic landslides, and lack of vegetation cover, leading
to rapid incision and entrainment along the channels (Tang et al.,
2012a; Xu et al., 2012). The area around the towns of Yingxiu and
Longchi, where we previously mapped multi-temporal inventories
(Tang et al., 2016), was selected for this study due to the best data
availability (Fig. 1). The area covers approximately 179 Km2 and the
elevation varies from 767 m to 3950 m, with an average of 1736 m. The
major fault rupture of the Wenchuan earthquake passes across the area
in southwest to northeast direction. The climate is humid subtropical
and the annual average temperature is 13 Celsius degrees. The area was
densely covered by shrubs and broadleaf forest, with sparse patches of
coniferous forest before the earthquake. The earthquake triggered 6727
landslides in the selected area, impacting 29.4% of its area (Tang et al.,
2016). The post-seismic landslides were very active in the ﬁrst 3 years
after the earthquake, mostly in the form of debris ﬂows, and almost
99% of all identiﬁed mass movements occurred during this period
(Tang et al., 2016). The landslide activity decayed greatly after 2010
due to a signiﬁcant vegetation regrowth (Yang et al., 2018) and loose
material depletion (Tang et al., 2016).

3.2. LiDAR DEMs
Two LiDAR data sets were provided by the NASG. The ﬁrst one
represents the situation before the earthquake (LI1999, Fig. 2I). Unfortunately this DTM was not-provided as a point cloud or raster ﬁles,
but as a digital contour map with 10 m contour interval, which we
interpolated to a 5 m raster DTM. The description ﬁle indicates the data
collection date was in 1999. This DTM only covers the eastern part of
the study area. The second LiDAR-derived dataset (LI2008, Fig. 2C, K)
was provided as a 2.5 m raster DSM, surveyed in June 2008, within
1 month after the earthquake. It has a very high level of detail, showing
all damaged buildings and temporary shelters and tents. It only covers
the south of the study area with limited overlap with the pre-earthquake LiDAR DTM.
3.3. Aster Gdem 2 and Alos World 3D
Both are freely accessible DEMs that are generated from stereo satellite images and have 30 m (1 arcsec) resolution. Both DEMs were
very general, although the Alos DEM from 2015 (ALOS2015, Fig. 2F)
was able to show some of the localized terrain features while the Aster
DEM from 2011 (ASTER2011, Fig. 2D) showed very poor results. This
could be caused by the fact that the Alos World 3D free DEM is produced based on its 5 m commercial product “World 3D Topographic
Data”. According to Rexer and Hirt (2014) the root mean square error
(RMSE) of Aster Gdem 2 is about 9 m, and about 11 m in mountainous
terrain. The vertical accuracy of Alos World 3D 30 m is ranging from
4.3 to 6.7 m RMSE (Santillan et al., 2016).

3. Data collection
We collected nine DEMs from diﬀerent years and from diﬀerent
sensors. The set of collected DEMs contain free access, commercial and
self-collected DEMs, with resolutions ranging from 1 to 30 m. Three
were available as Digital Terrain Models (DTMs) with all landcover
removed and six as Digital Surface Models (DSMs) in which objects on
the terrain surface were also included. A summary of the main characteristics of the nine DEMs is given in Table 1, and Fig. 2 shows examples of the hillshaded DEMs for a small sample area.

3.4. Pleiades DSM (Fig. 2E)
Three Pleiades stereo images were acquired in December 2014. PCI

Table 1
Description of the DEMs collected for this study.
Name

Type

Source

Acquisition date

Resolution (m)

Vertical reference

LI1999
SG2006
SG2014
LI2008
ASTER2011
PLE2014
ALOS2015
UAV2017
TAN2017

DTM

Aerial LiDAR survey,
Stereo satellite image & ground survey
Stereo satellite image & ground survey
Aerial LiDAR survey
Aster GDem 2
Pleiades stereo image
ALOS World 3D
F1000 UAV
TanDEM-X

1999
2006
2014
2008 May–June
2011
Dec 2014
2015
Jul 2017
Jan 2017

5
25
5
2.5
30
1
30
1
12

1985 national
1985 national
1985 national
1985 national
EGM96
EGM96
EGM96
WGS84
EGM2008

DSM

91

elevation
elevation
elevation
elevation

Coverage of the study area (%)
benchmarks
benchmarks
benchmarks
benchmarks

40
100
52
20
100
72
100
10
100
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Fig. 2. Hillshaded DEMs. As there is no area where all nine DEMs are overlapping, the last three DEMs are from a diﬀerent area (See Fig. 1 for the location) than the
ﬁrst eight.

3.6. UAV DSM (Fig. 2G)

Geomatics was used to generate a 1 m resolution DSM from the 0.5 m
panchromatic images. Only one pair of the images were used since the
third one had too large viewing angle, causing signiﬁcant errors in the
DSM. The DSM is able to show terrain and landcover features with a
high level of detail (See Fig. 2). However due to the shadows in the
images, many of the north-west facing slopes suﬀered very high systematic errors, a problem also reported by Poli et al. (2013). According
to AIRBUS (2017), the relative vertical accuracy can reach 1.5 m. A
study of elevation changes caused by earthquakes by Zhou et al. (2015)
concludes that the vertical accuracy of the Pleiades DEMs is able to
reach about 0.3 m.

In 2017 the State Key Laboratory of Geo-hazard Prevention and
Geo-environment Protection (SKLGP) of the Chengdu University of
Technology conducted a drone mission near Yingxiu. A F1000 ﬁxedwing drone carrying a SONY α5100 camera was used (Feima Robotics,
F1000, n.d). PIX4D software, and GCPs were used to generate a DSM
with 1 m resolution. Due to the prevailing weather conditions and the
high mountains in the region, the coverage of the DSM was limited to
17.6 km2.
3.7. Multi-temporal landslide inventories

3.5. TanDEM (Fig. 2H)

Multi-temporal satellite and UAV images were available as well as a
set of landslide inventories from ﬁve periods after the Wenchuan
earthquake, generated by Tang et al. (2016). The landslides are mapped
individually and attribute tables contain information on landslide type
and landslide activity level, which was deﬁned based on visual analysis
of the diagnostic features and their changes between remote sensing
images taken in diﬀerent periods.

This data was obtained from WorldDEM, which is a worldwide DEM
data set derived from radar interferometry using the TerraSAR-X and
TanDEM-X. The product has a reported vertical accuracy better than
2 m and 12 m spatial resolution (German Aerospace Center, 2014).
However, the data we acquired appears to have very large systematic
errors across more than half of the study area, in accordance with reported problems of SAR generated DEMs in steep mountainous terrain
(Gonzalez et al., 2014; Tridon et al., 2013). After analysing the large
errors we decided not to include this DEM in the further analysis.

3.8. Ground control points (GCPs)
A total of 104 ground control points were measured with a set of
Real Time Kinematic GPS equipment in October 2017 at accessible
92
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1. A short proﬁle was drawn perpendicular to the feature. The land
cover on the both sides of the linear feature should be the same. It is
important to choose the linear features based on the terrain situation. For lower resolution DEMs it is required to select larger terrain
features than for high resolution ones.
2. A shift was carried out to match the target proﬁle and the reference
proﬁle. This could be done by reaching a minimum Standard
Deviation (STDEV) of the elevation diﬀerences from the two proﬁles.
3. A long proﬁle should be made to ensure that matching and STDEV
were acceptable.
4. The same approach in 1 and 2 was carried out for another proﬁle
line parallel to the linear terrain feature. An example is shown in
Fig. 3.

locations, with the datum of WGS84. The vertical error is generally
about 3 cm, with a maximum of 9 cm. The equipment was calibrated
based on the elevation of the check dam surfaces, which were mentioned in the engineering reports (Hao et al., 2011; Li et al., 2011; Yang,
2010). As can be seen from Fig. 1, ground control points are limited to
the accessible parts of the study area, along roads.

4. Pre-processing of the DEMs
Since the nine DEMs were obtained from diﬀerent sources with
diﬀerent vertical and horizontal accuracies, a process of horizontal and
vertical adjustment was required to match them as good as possible.
This section describes how did we improved the horizontal match and
vertical bias among the DEMs, using ArcMap.

If the target DEM only had to be shifted (zero order polynomial),
this method can produce a better result than direct visual referencing.
When multiple tie points were needed, it was necessary to ﬁnd all the
tie points before making any adjustment. We also applied the method to
the high resolution DSMs to ensure optimal registration results as this
method is able to create more accurate tie points than direct visual
registration.

4.1. Geo-referencing
All the coordinate systems of the DEMs were transformed into WGS
1984 UTM Zone 48 N. A horizontal mismatch ranging from 5 to 20 m
was observed and registration was essential to carry out the further
steps. Since the UAV2017 DEM was made in a controlled manner with
the GCPs that we collected ourselves, leading to a highly detailed
product, this DEM was used as the reference layer, in order to georeference the other target DEMs. Depending on the types of DEMs and
the mismatches, diﬀerent approaches of geo-referencing were used. All
DEMs were resampled to 1 m using a bilinear interpolation method.
As UAV2017 (See Table 1) was a highly detailed DSM and all
landcover features are clearly visible, it was possible to register the
other high resolution DSMs (PLE2014 and LI2008) directly using the
geo-referencing tool in ArcMap, applying the same approach as georeferencing images. UAV2017 and PLE2014 were also coupled with
their corresponding orthoimages which helped to identify tie points.
For the other DEMs, it was not feasible to carry out visual matching
using tie points, as it was very diﬃcult to ﬁnd exact similar points in
DEMS, even when making use of hillshade images. Therefore a method
of comparing proﬁle lines was applied. A straight linear terrain feature,
such as a channel or a ridge, was selected, which was not modiﬁed
signiﬁcantly by landslide events during the post-earthquake period. The
following steps were carried out, as illustrated in Fig. 3:

4.2. Minimizing vertical bias
The vertical bias was mostly caused by the diﬀerent vertical datum
of the DEMs. A direct calibration by adding or subtracting elevation
values was applied. A proper horizontal registration needed to be done
before carrying out the methods described below.
When addressing the same types of DEMs, histograms of the elevation diﬀerence maps for the areas without landslides were used. The
bias was estimated by the distance of the histogram peak to zero,
meaning a minimum overall diﬀerence could be reached by adjusting
this value (Fig. 4A). It should be noticed that this only works when most
part of the terrain and land cover remain the same for the dates of data
collection. In our study UAV2017 was used as the reference for the
DSMs. Proﬁles lines were used to validate the results after the adjustment (Fig. 4B–D).
The bias between a DTM and a DSM was estimated based on samples taken from relatively ﬂat and smooth surfaces, and analysis of

Fig. 3. Illustrating the method to match DEMs based on proﬁle lines. A: a linear feature was chosen in the channel of a sub-catchment and a proﬁle was drawn
perpendicular to it. B: shifting based on the STDEV of the diﬀerence estimated from the proﬁle. The dashed and solid lines are the proﬁles of PLE2014 before and after
adjustment. The grey area represents the proﬁle of the reference DEM (UAV2017). (For interpretation of the references to color in this ﬁgure legend, the reader is
referred to the web version of this article.)
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Fig. 4. An example of minimizing vertical bias. A: estimating vertical bias between PLE2014 and the reference DEM (UAV2017). B: overall matching after the
adjustment. The colour image was captured in 2017. C: Detailed view of elevation for buildings. D: Detailed view of elevation for a forest area.

landcover types. In the ﬁeld elevations of major landcover types were
measured in a number of sample locations. We applied this method to
adjust LI1999 and SG2014 as they did not overlap (See Fig. 1). Plantations and farmlands located on smooth slopes were taken as samples.
To account for diﬀerences caused by vegetation, areas with tea trees

were reduced with 0.6 m, and areas with Kiwi cultivation by 2 m. A
total of 7416 cells were sampled for LI1999, with a vertical bias of
7.1 m ± 0.9 m. SG2014 was adjusted using the same approach, but
taking buildings as samples. The bias ranged from 4.0 to 7.0 m with a
mean value of 5.2 m and STDEV of 1 m. The adjusted LI1999 was used
94
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lowest error, being only surpassed by the high resolution ones. SG2006
and ASTER2011 had high errors due to their coarse resolution.
ALOS2015 had a much lower STDEV than ASTER2011, which could be
caused by the fact that it was derived from a 5 m commercial product.
Due to the large amount of systematic errors in the DEM, TAN2017 has
a very high STDEV. However when estimating only from the points
located in error free zones, its accuracy appears to be much better
(Table 2).

Table 2
Vertical errors after horizontal and vertical calibration, measured from the
diﬀerences between the elevation of the GCP's and the DEMs.
Number of GCP's
in the DEM area

LI1999
SG2006
SG2014
LI2008
ASTER2011
PLE2014
ALOS2015
UAV2017
TAN2017

a

30
104
104
88
104
104
104
66
104(37a)

Elevation diﬀerence with GCP's in meters.
Min

Max

Mean

STDEV

−14.7
−25.5
−26.0
−6.6
−44.7
−5.7
−16.2
−4.6
−544.1

8.5
46.7
12.0
8.2
45.1
6.4
22.2
6.0
171.5

0.1
−3.9
1.0
1.7
−3.5
0.6
2.7
0.6
−53.0

4.8
12.6
6.4
2.4
12.9
2.1
6.0
1.8
94.3
(3.5a)

5.2. Assessing terrain representation
The results from the error analysis using the GCPs, presented in
Table 2, could be aﬀected by the fact that some of the points could have
changed between the time of the DEMs and the GCPs were taken. This is
particularly the case for the DEMs from early periods (LI1999, SG2006,
LI2008). Thus additionally, proﬁles were made across ridges and valleys to assess how the DEMs represent the changing surface. From Fig. 5
it can be concluded that ASTER2011 and SG2006 show smooth proﬁles
which failed to properly represent local terrain features. ALOS2015 ﬁts
the reference DEM better than the previous two, but was overestimating
the elevation at many locations. SG2014 has the best matching in this
group, although some over estimation could be observed (Fig. 5A). The
surface elevation of the high resolution DSMs varied based on the types
of land cover, nevertheless they all ﬁtted well with the reference DEM
(Fig. 5B). LI2008 was higher than the others in the channels due to
extensive co-seismic landslide deposits, much of which was eroded in
later years LI1999 ﬁtted well with the reference DEM, and was only
higher than the DSMs at about 110 m to 150 m, where a landslide scarp
was located.
Two landslides were taken as examples to visualize the DEM differences (Fig. 6). The corresponding statistics are shown in Table 3. A
rockslide with an area of 38.2 * 103 m2 was chosen as example
(Fig. 6A–H). It was triggered by the earthquake and blocked the local

Only points located in the error free zones were used.

as the reference for the adjustment of SG2006.
5. Suitability evaluation
In this section we present the method and results of the analysis on
the accuracies and suitability of the available DEMs for landslide volume calculation, after which the selection of DEMs suitable for volumetric analysis is made.
5.1. Assessing accuracies
The error of the DEMs was expressed as standard deviation (STDEV)
of the elevation diﬀerence between GCPs and the DEMs. Given the
coverage of the DEMs, either all 104 GCP's could be used, or only a
subset, as shown in Table 2. The high resolution DSMs (LI1999, LI2008,
PLE2014, UAV2017) had the lowest STDEV. LI1999 had the fourth

Fig. 5. The use of proﬁles to visualize how DEMs represent the terrain. The X-axis is the distance along the proﬁle (in m) and the Y-axis is the elevation in meters.
UAV2017 was used as the reference DEM (grey area). Land cover is displayed as background colours. A: The relatively low resolution (> 10 m) DEMs and SG2014. B:
The high resolution DEMs.
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Engineering Geology 248 (2019) 89–101

C. Tang et al.

Fig. 6. Elevation diﬀerences for a landslide by subtracting diﬀerent DEMs. A to H and I to L are showing two diﬀerent landslides.
Table 3
Mobilized volume (103 m3) of the landslide shown in Fig. 7 calculated by the diﬀerence in DEMs.

Loss
Gain

LI2008 – LI1999

ASTER2011 – LI1999

PLE2014 – LI1999

ALOS2015 – LI1999

UAV2017 – LI1999

UAV2017 – SG2006

SG2014 – LI2008

UAV2017 – LI2008

164.5
197.1

66.0
415.5

221.0
101.4

333.8
215.3

300.3
60.9

529.0
9.9

679.0
339.5

418.9
140.9

the surface of UAV2017 (Fig. 6F). The statistics (Table 3) showed a very
large loss and small gain which is not realistic. Due to the diﬀerent data
coverage, another landslide was used to do the pattern analysis for
SG2014. LI2008 was used as the pre-event DEM and UAV2017 was used
for comparison. As can be seen in Fig. 6I,SG2014 showed the removal of
the loose materials in the main channel but was not able to portray the
entrainment in the branch channels, nor the slope surface modiﬁed by
mitigation works. On the other hand subtracting UAV2017 with LI2008
clearly showed all surface changes caused by entrainment, vegetation
growth and construction of mitigation works (Fig. 6J, K and L).
Based on the analysis results presented above, we concluded that
only four DEMs were accurate enough to be used in the subsequent
landslide volume analysis: LI1999, LI2008, and PLE2014 with shadows
removed and UAV2017.

drainage channel. The channel blockage was later partially removed by
debris ﬂows. Since it is mainly composed of rocks with limited soil
cover, a slow vegetation regrowth was observed in the images (Fig. 6G
and H). The elevation diﬀerence between the post- (LI2008) and the
pre-earthquake DEM (LI1999) shows a logical pattern (Fig. 6A) with a
clear loss at the scarp and signiﬁcant gain at the toe. Also the diﬀerence
of the post-earthquake DEMs, PLE2014 and UAV2017, with the preearthquake DEM (LI1999) showed similar patterns, but the accumulation in the channel was less due to erosion of the co-seismic landslide
materials in later years (Fig. 6C and E). The losses were larger than
those estimated by LI2008, due to reactivations of the co-seismic
rockslide body and the construction of a local road. The diﬀerence of
LI1999 with ASTER2011 and ALOS2015 both showed poor results
(Fig. 6B and D). When SG2006 was used as the pre-earthquake DEM
and subtracted with UAV2017, the pattern was mainly controlled by
96
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images.
6.1. Trends in volume dynamics
Fig. 7 shows the major trends for the overlapping area of LI1999,
LI2008 and PLE2014, and Table 4 shows the resulting statistics. Unfortunately the overlapped data only cover two small parts of the study
area. To make the numbers comparable between the two locations, the
volume dynamics are expressed in loss and gain rate per square kilometre (per 106 m3/km2). The following trends can be observed:
1. The landslides triggered by the earthquake can be detected and
quantiﬁed in a detailed manner by calculating the diﬀerence between the LiDAR-derived DEMs: LI1999 and LI2008. Vegetation did
not have much inﬂuence on the comparison between the DSM and
the DTM since most vegetation was removed by mass movement.
The area contains 350 co-seismic landslides with a volume loss rate
of 1.4 × 106 m3/km2 and a volume gain rate of 3.9 × 106 m3/km2.
Elevation decrease at the scarps and increase at the toes could be
clearly observed on several landslides (Fig. 7A). Channels were
blocked or completely ﬁlled up by co-seismic landslide materials.
2. Comparing the post-earthquake LiDAR DSM (LI2008) and the
Pleiades-derived DSM (PLE2014) allowed to model the elevation
change caused by the early post-seismic mass movements. The gain
and loss were estimated separately on the dormant landslides and
the active ones, based on the activities recorded in our post-seismic
landslide inventories. Most of the loose materials deposited in the
drainage channels were eroded in the years after the earthquake
(2008 to 2014), leading to signiﬁcant volume loss at the toes of
landslides, and the occurrence of reactivations (Fig. 7B). The total
loss rate caused by post-seismic landslide activities (3.2 × 106 m3/
km2), was close to the gained rate of the co-seismic landslides in the
investigated area. This is because the thickest depositional zones are
mostly at the toes of the co-seismic landslides, or in the nearby
channels, where the most severe erosion would take place. Some
gain could be observed at downstream locations near the catchment
outlet, but not comparable to the loss. This is because a large portion
of the debris ﬂow deposition fan was later submerged by the Zipingpu hydropower reservoir lake and the part above the water
level was partly excavated for road repair and sand mining. There
were 50 newly triggered landslides that initiated in the post-earthquake period from 2008 to 2014. They had a total area of 0.5 km2, a
loss rate of 0.6 × 106 m3/km2 and a gain rate of 0.2 × 106 m3/km2,
which is rather small compared to the total post-earthquake landslide volume.
3. The late post-seismic elevation change was analysed by the comparison between PLE2014 and UAV2017. A smaller area with only
106 landslides could be used for the analysis due to the small coverage of the UAV photogrammetry derived DSM (UAV2017) and the
shadow problem of the Pleiades images. Only two of the landslides
were active during this period and no signiﬁcant volume changes
were detected. A fast vegetation growth was observed in the form of
elevation gain on most of the dormant landslides, resulting in a

Fig. 7. DEM comparison maps. The non-coloured landslide polygons are either
not overlapping with the DEMs or aﬀected by shadows in PLE2014. A: depletion
(loss) and accumulation (gain) by co-seismic landslides calculated by subtracting the LiDAR-derived DEMs before the earthquake (LI1999) and after the
earthquake (LI2008). B: Elevation changes due to post-earthquake landslide
reactivations, by calculating the diﬀerence between the LIDAR-derived DEM
from 2008 and the DEM derived from Pleiades images in 2014.

6. Mobilized landslide volume analysis
In this session we analyse the landslide material volume dynamics
within the period between 2008 and 2017 using the DEM-diﬀerencing
method. We analyse the trend of the volume change using frequencyvolume analysis. As mentioned before, only four DEMs were suitable for
the analysis: LI1999, LI2008, PLE2014 and UAV2017. For PLE2014 we
only used the area that was not aﬀected by shadows in the satellite

Table 4
Statistics of the trend analysis.
DEM subtraction

LI2008 – LI1999
PLE2014 – LI2008
UAV2017 –
PLE2014
a

Area covered by DEMs
(km2)

7.2
5.2

Number of landslides in area covered by
DEMs

Area of landslides (km2)

Loss rate (106 m3/km2)

Gain rate (106 m3/km2)

Dormant

Active

Dormant

Active

Dormant

Active

Dormant

Active

0
205
104

350
195
2

0
0.6
1.2

1.4
1.2
0.2

0.0
1.4
0.5(1.6a)

1.4
3.2
0.8

0.0
1.1
1.7

3.9
1.2
0.9

including the two landslides excavated by sand mining.
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Fig. 8. Frequency-volume analysis.

The data points show the frequency and volume of mass movements
for the three periods and the trend lines of the power-law ﬁts show the
balance between small and large landslide volumes (Fig. 8). The frequencies of co-seismic landslide gain and loss were similar, except there
is no co-seismic landslide with a loss larger than 105 m3 within the
study area. This resulted in a steeper power-law ﬁtting of the loss
(β = −2.7036) than the ﬁtting of the gain (β = −2.1445), as large
landslides have more inﬂuence in the ﬁtting of the gain. The early postseismic loss has a very similar power-law ﬁtting (β = −2.1109) as the
co-seismic landslide gain, as the most intensive depletion took place at
locations with the thickest co-seismic deposition. The early post-seismic
landslides with small volumes have less impact on volume dynamics as
compared with co-seismic landslides. The late post-seismic loss has a
more gentle trend (β = −1.6354), suggesting the power-law ﬁtting is
dominated by areas with large losses, caused mainly by sand mining.
The overall frequency of the volume decreased during the ﬁrst
6 years after the earthquake. This is consistent with the studies of
Hovius et al. (2011), who analysed changes during 5 years following
the Chi-Chi earthquake, and Tang et al. (2016), who investigated the
changes in 3 years following the Wenchuan earthquake.

Fig. 9. Volume loss per square meter of the activity levels interpreted from
visual image interpretation. 0: dormant (measured from 430 landslides); 1:
slightly active (64 landslides); 2: moderate active (64 landslides); 3: very active
(172 landslides).

7. Discussion
In the following section we will compare the measured post-seismic
volume loss with the activity levels that were previously obtained using
visual image interpretation from multi-temporal images, and analyse
the area-gain relationship.

higher gain rate (1.7 × 106 m3/km2) than the loss rate
(0.5 × 106 m3/km2) on dormant landslides, excluding those aﬀected
by human activities (Table 4). A sand mine that is located in this
area almost dug out two landslides with a total area of 75,000 m2,
leading to a signiﬁcant loss rate if included in the statistics.

7.1. The eﬃciency of deﬁning activity levels
During the visual image interpretation of satellite images from different years (Tang et al., 2016) a qualitative method of deﬁning activity
levels was used, based on the approximate active area visible of the coseismic landslides in later years. Four landslide activity classes were
used (Tang et al., 2016):

6.2. Frequency-volume analysis
A frequency-volume analysis was carried for three periods: 1. the
gain and loss of co-seismic landslides (LI2008 – LI1999); 2. the loss in
the early post-seismic period (PLE2014 – LI2008); 3. the loss from the
late post-seismic stage (UAV2017 – PLE2014). The gain from the postseismic periods was not included as most of the deposition occurred
near the catchment outlets, with a large portion taken away by rivers
and human activities. We used the method described by Clauset et al.
(2009) to calculate power-law exponents (β). In addition, we used the
code (landslide-mLS) provided by Tanyas et al. (2018) to plot the
power-law ﬁts.

• level 0: no landslide activity and the landslide is dormant;
• level 1: less than one-third of the area of a landslide is active;
• level 2: about one-third to two-thirds of the area of a landslide is
active;
• level 3: more than two-thirds of a landslide is active or the landslide
is newly formed
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7.2. Landslide volume and the hidden slip surface
The study aimed to calculate landslide volumes, but resulted in
calculating only gain and loss volumes. The calculation by subtracting
multi-temporal DEMs may not give the volume of the entire mobilized
mass since part of the displaced landslide materials may still be located
in the depletion area, on top of the failure surface. Ignoring this will
cause a signiﬁcant underestimation of the real landslide volume.
Landslides with short runout distances are particularly sensitive to this
problem. An example from one of the short runout distance landslides
in the area is used to illustrate this concept (Fig. 10). In this case the
slope moved down as a block, causing a small elevation diﬀerence (−2
to +3 m) in the middle of the slope. A signiﬁcant gain is observed at the
landslide toe, with a maximum value close to 20 m. The actual landslide
body is the diﬀerence between the post-landslide elevation and the
failure surface elevation, but with the DEM subtraction it was only
possible to detect net gain and net loss areas. This means the depth
measured by the DEMs is only trustworthy at the landslide toes, where
the failure surface overlaps with the pre-landslide terrain surface. This
would not be an issue for those landslides where the runout distance is
so long that all landslide materials are transported out of the depletion
zone.
In our trend analysis the post-seismic material loss was close to the
volume gained by the co-seismic landslides. This does not mean,
however, that the co-seismic landslide materials are depleted. Only the
materials deposited in the channels, where the measurements from the
DEM subtraction gives the largest gain and realistic depth, were eroded
in the years following the earthquake. The majority of the co-seismic
landslide bodies are still remaining on the slopes after major debris
ﬂows, which being underestimated by comparing DEMs. The sliding
surface is playing a major factor in measuring landslide volume, but is
usually not addressed as it is not possible to measure this for many
landslides over a large area. Obtaining the slip surface information
requires measurement from boreholes or geophysics methods, which
are expensive and not likely to be applied on a large number of targets.
This issue should be investigated further to understand how to properly
measure the actual volume of landslides.

Fig. 10. Concept of the unknown slip surface causing underestimation in volume. The volume loss of the landslide is 0.17 × 106 m3 and the volume gain is
0.12 × 106 m3.

7.3. Area-gain relation
In order to analyse the empirical relation between area and volume
we require information on the depth of the sliding surface for all
landslides. That is why it is not possible to make an area-volume relationship for all landslides in the area. Instead, an area-gain relation of
483 co-seismic landslides is presented in Fig. 11. The trend ﬁts for an
equation of V = αAγ where V is the volume gain and A is the landslide
area. α is a constant coeﬃcient which ranges from 0.007 to 0.024, and γ
is the scaling exponent within a range from 1.485 to 1.581. It should be
noted that this equation only ﬁts the volume gain calculated by DEM
subtraction, which is not the actual landslide volume. The equation is
only valid for the eastern side of our study area, as this is the only part
with overlapping of the two LiDAR derived DEMs. We present also the
area-volume relationship of Guzzetti et al. (2009) for comparison. The
loss and gain volume data is attached in the supplementary ﬁle.

Fig. 11. area-volume gain relation of co-seismic landslides.

To test the eﬃciency of this method, the volume loss rate (m3/m2),
calculated from the diﬀerence between PLE2014 and LI2008 within the
landslide polygons, was categorized by the activity classes. The maximum activity level from the landslide inventories of 2009, 2011 and
2013 were used to deﬁne the activity levels in this analysis. It can be
seen from Fig. 9 that the overall loss rate increases as the activity level
rises although considerable uncertainties are observed in all activity
classes. The uncertainties could be caused by a number of reasons:
changes in vegetation, errors in the landslide inventories, and error in
DEMs. It is clear that qualitative method of deﬁning activity levels gives
more uncertainty, and activity levels could be better deﬁned using
measured loss values from DEMs, when available.

8. Conclusions
In this study we collected nine DEMs with diﬀerent resolutions and
from diﬀerent sources, which were generated in diﬀerent years, and
covered diﬀerent parts of the study area. We manually registered the
DEMs both horizontally and vertically, which required a careful subjective judgment to choose the location of ground control points, tie
points, and matching proﬁles. Due to the diﬀerences in sensors, spatial
resolution, datum, and coordinate systems of the original DEMs, the
matching of the DEMs could not be done perfectly. This is particularly
observed at a few locations with steep and complex terrain, where even
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Table 5
Summary of the main characteristics of the nine DEMs used in this study for estimating landslide volume. We did not register TAN2017 due to its large error.
DEMs

Terrain features
ignored

Registration diﬃculty

Potential overage

Major problem

Access policy

LI2008
LI1999
PLE2014
UAV2017

No
Few
No
No

Low
Median
Low
Low

Regional
Regional
Large
Small

Limited coverage
Down resampled by data provider
Errors in image shadows
Limited coverage

Only Chinese state-own organizations

SG2014
SG2006
ALOS2015

Few
Majority
Some

High
Median
Median

Large
Large
Large

ASTER2011
TAN2017

All
Few

High
–

Large
Large

Ignoring small and medium landslides
Low resolution
Low resolution, patterns of systematic
errors
Low resolution
Wide-spread random and systematic
errors

Commercial
Can be collected by authorized Chinese
organizations
Only Chinese state-own organizations
Open access
Open access
Commercial

successful data collection. Data collected by drones also have a large
beneﬁt to carry out a fast volumetric analysis in an area hit by an
earthquake, in spite of its limited survey coverage and the necessity of
including GCPs.

the best DSMs showed a relatively large diﬀerence even in areas where
no disturbance was expected.
We strongly recommend to use DEMs from the same data source, or
at least with similar level of accuracy, to study mobilized volume.
However, this is often not possible as high resolution DEMs (e.g. derived from LiDAR or UAV) might not be available for the pre-event
situation. The post event DEM should also be taken as soon as possible
after the occurrence to minimize the disturbance caused by reactivations, vegetation growth or human activities. An ideal data set was
shown by Tseng et al. (2013) where multi temporal LiDAR data could
be used to estimate the volumes for landslides triggered by cyclone
Morakot in Taiwan. Table 5 presents the overall conclusion on the nine
DEMs used in this study. As can be seen Pleiades stereo images could be
the best option to obtain good volume estimations over a very large
area. However, LiDAR and UAV-based photogrammetry would be
better to avoid the shadow problems related to the Pleiades DEMs.
LiDAR data is preferable over UAV-based photogrammetry as it allow to
generate DSMs and maps of vegetation and building height. But in
many countries, the collection of LiDAR data as well as control points
for generating photogrammetry-based DEMs may be hindered by tight
data collection and sharing policies. In this study we used a preearthquake DTM and a post-earthquake DSM to obtain the elevation
changes corresponding to the co-seismic landslides. Landcover did not
have a large impact on the co-seismic landslides since they were removed by mass movements, but was aﬀecting all the non-landslide
areas when comparing LI2008 with LI1999. Another problem encountered in this study was that there has been a major co-seismic
change in elevation due to uplifting, which was in the order of 6 m
vertically, and 4 m horizontally (Xu et al., 2009). However, it was not
possible to ﬁnd suitable locations that did not have major changes in
landcover to analyse the earthquake uplifting from the DEM diﬀerence.
To address this type of issue it is recommended to have a more organized data collection plan instead of only start collecting data after the
occurrence of elevation changing events, especially for the tectonically
active areas.
We were only able to estimate the gain from the co-seismic landslides, which was an underestimation of the actual landslide volume
due to the hidden failure surfaces. However this gain value is still very
useful to predict the magnitude of the following debris ﬂows as most of
the erosion would take place in channels, where the landslide depth is
measured correctly by DEM comparison. In the Wenchuan area the
volumetric analysis was not carried out in time, and this could be the
reason that led to the underestimation of the debris ﬂow magnitude in
2010. The data security policy might be one of the reason as the LiDAR
data of was collected by the government but not accessible to the researchers at that time. Nowadays commercial satellites such as Pleiades
provide a good data source in case of similar events that might occur in
future, with much less restrictions in countries with tight data sharing
policies, despite their high cost and uncertainty in cloud coverage for
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