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Following the work of Lee et al. (2008a), a statistical approach is applied to seismic landslide hazard analysis for
thewhole of Taiwan. All thework is done usingnewdata sets,which include a new and carefullymapped Chi-Chi
earthquake-induced landslide inventory, a 5-m DEM, and a new version of the 1:50,000-scale geologic map of
Taiwan. Landslide causative factors used in the susceptibility analysis include the slope gradient, slope aspect,
terrain roughness, slope roughness, total curvature, total slope height, and lithology. The corrected Arias intensity
taking topographic amplification into consideration is used as a triggering factor.
Firstly, a susceptibility model is built using the 1999 Chi-Chi shallow landslides as a training data set and
multivariate logistic regression as the analytical tool. This model is validated by using the 1998 Jueili
earthquake-induced landslide data. Then, a probability-of-failure curve is established by comparing the Chi-Chi
landslide data and the susceptibility values, after which the spatial probability of landslide occurrence is
drawn. The temporal probability may be accounted for with the triggering factor (the hazard level of the Arias
intensity), which was obtained through regular probabilistic seismic hazard analysis. Finally, the susceptibility
model and theprobability-of-failure curve are applied to thewhole of Taiwanusing the topographically corrected
475-year Arias intensity as a triggering factor to complete a seismic shallow-landslide probability map for
ground-motions having a 475-year return period.

© 2014 Published by Elsevier B.V.
1. Introduction

Seismic landslide hazardmaps have commonly been prepared based
on a deterministic approach using the Newmark displacement method
(Wilson and Keefer, 1985; Jibson and Keefer, 1993; Harp and Wilson,
1995; Jibson et al., 1998, 2000; Liao, 2004). However, in recent years, a
statistical approach for interpreting seismic landslide distribution has
been proposed (Lee et al., 2008a). It is based on an event-based land-
slide susceptibility model with the earthquake intensity as a triggering
factor. The advantage of the statistical approach is that it does not re-
quire failure depth, material strength, or groundwater data, and it may
produce a better prediction rate (Lee, 2006; Lee et al., 2008a, 2008b).
This study basically follows the methodology proposed by Lee et al.
(2008a), but the data set is updated and the temporal probability of
earthquake intensity is added to complete the hazard analysis.

Rapid mapping of landslides from SPOT images for the whole region
of Taiwan was carried out by Liao and Lee (2000). They documented
9272 larger landslides of various types (having areas greater than
625m2) covering a total area of 127.8 km2. Factors controlling the earth-
quake-induced landslides were evaluated by Liao et al. (2002) based on
this landslide inventory, andbyKhazai and Sitar (2003) based on another
preliminary landslide inventory.The satellite images used in our work,
from the year 2000, did not have a high resolution and were analyzed
l seismic landslide hazard an
rapidly, and so we re-mapped the earthquake-induced landslides from
high-resolution SPOT images and confirmed the landslides by using
aerial photo-pairs. Landslide types were recognized, source and deposit
areas were separated, and a GIS database was built. This work was
carried out from 2003 to 2008. The characteristics of these landslides
and evaluation of their controlling factorswere introduced in Lee (2013).

This study uses shallow landslides to train a susceptibility model in
the vicinity of the mesoseismal region of the Chi-Chi earthquake using
a multivariate analysis of landslides and their controlling factors. This
model is then applied to the whole of Taiwan using the topographically
corrected 475-year Arias intensity as a triggering factor.

2. Regional setting and the Chi-Chi earthquake

The island of Taiwan has an area of 36,188 km2. The highest peak is
Yushan, which rises 3952 m above sea level, but there are numerous
other peaks of over 3000m. Taiwan is tectonically active, being in the col-
lision zone between theAsiatic continent and the LuzonArc (Teng, 1990).
Active crustal deformation (Bonilla, 1975; Yu et al., 1997; Lee, 1999), fre-
quent earthquakes (Tsai et al., 1977;Wu, 1978), numerous typhoons, and
a high erosion rate (Dadson et al., 2003) currently affect the region.

The backbone of the island is formed by a mountain range extending
north-south that is bordered by foothills and coastal plains on thewestern
flank. Geologically, the range has a metamorphic core surrounded by
slate formations and fold-and-thrust Neogene sedimentary strata. The
Chelungpu fault, which ruptured during the 1999 Chi-Chi earthquake,
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is a thrust fault in the fold-and-thrust belt. A coastal plain and gentle
slopes lie to the west of the fault, hills and high mountains to the east.

At 1:47 a.m. local time on September 21, 1999, a shallow Mw7.6
earthquake struck central Taiwan rupturing the Chelungpu fault. The
hypocenter was 8 km below the village of Chi-Chi. The main shock se-
verely shook the entire island of Taiwan (Ma et al., 1999; Kao and
Chen, 2000) and caused considerable structural damage as well as trig-
gering thousands of landslides. The majority of the earthquake-induced
landslides were located east of the Chelungpu fault on hilly and moun-
tainous lands.

The climate in the Taiwan area is subtropical, with an average annual
precipitation of about 2500 mm. Although it is humid and wet, no sig-
nificant precipitation was observed within one month before and for a
half month after the Chi-Chi earthquake, which simplifies the study of
earthquake-induced landslides.

3. Methodology

We adopted the statistical seismic landslide susceptibility analysis
method proposed by Lee et al. (2008a) to train a susceptibility model
and to develop a probability-of-failure curve for the transformation of
susceptibility values into landslide spatial probability. Temporal proba-
bility in this study is accounted for using specific return-period earth-
quake intensity in this study. With the addition of the temporal
probability, the susceptibility model is upgraded to a hazard model,
and the spatial probability is used to determine the hazard level for cer-
tain return periods or exceedance probabilities of earthquakes.

A geographic information system (GIS) was used to digitize the
landslides and to build the landslide inventory. Spatial functions in GIS
were used to analyze the relationships between the landslide distribu-
tion and factors associated with the landslides. The Erdas Imagine
system was used to process the digital elevation model (DEM) and de-
rive topographic factors for the statistics. Strong-motion data were
processed using a standardized method and FORTRAN code.

3.1. Methods for evaluating the effectiveness of a landslide
susceptibility factor

If a factor can beused to interpret the landslide spatial distribution to
some extent, it is deemed effective.Wepropose three differentmethods
to evaluate the effectiveness of a factor. For any given factor, the data set
is divided into a landslide group and a non-landslide group for purposes
of analysis. Theoretically, if the two groups have almost no intersection
and can be easily separated, then this factor should be a perfectly effec-
tive factor. If the percentage of landslides increases or decreases with
the factor score, then this factor is also considered an effective factor.

Flat areas and gentle slopes, where the slope gradient is less than
10% but has an area greater than 1 ha, are regarded as stable and were
not included either in the analysis or in the validation.

3.1.1. Difference between landslide and non-landslide groups
The difference between two groups can be visually inspected by

plotting the frequency distribution of the two groups and then quanti-
fied by computing a standardized difference D (Davis, 2002), from
which the effectiveness of a factor as a discriminator can be determined:

Dj ¼
Aj−Bj

SPj
; ð1Þ

whereAj is themean of factor j for group A (landslide);Bj is themean of
factor j for group B (non-landslide); SPj is the pooled standard deviation
of factor j; andDj is the standardized difference of factor j. The larger the
standardized difference, the more effective the factor.

Before calculating the standardized difference of a factor, a test of
normality is required. A standardized difference value for evaluation is
valid only for a normally distributed data set.
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3.1.2. Probability of failure curve
An effective factor should be correlated with the proportion of land-

slide cells (Jibson et al., 2000) or the landslide ratio (landslide pixels to
total pixels ratio in a factor interval) (Lee et al., 2005, 2008a, 2008b). In
the present study, it is called the probability of failure. The correlation
can be visually inspected by plotting a probability-of-failure curve.

A correlation coefficient between the landslide ratio and the factor
score can be calculated. Either a positive correlation or a negative corre-
lation is good for an effective factor. A threshold can exist in the
probability-of-failure curve for landslides. When the factor score is
less than the threshold, the probability of failure may be zero. Only fac-
tor scores greater than the threshold are utilized in the calculation of the
correlation coefficient.

3.1.3. Success rate curve
The success-rate curve (Chung and Fabbri, 1999) is a cumulative

percentage of a landslide area against the percentage of the total area,
calculated starting from the highest susceptibility of a model. The suc-
cess rate of a factor is calculated starting from the highest factor score
if there is positive correlation between landslide ratio and factor score
or from the lowest factor score if there is a negative correlation. If this
success-rate method is used in validating a model that uses a different
data set, then this is called the prediction rate (Chung and Fabbri,
2003), and a prediction-rate curve is built.

The success-rate curve indicates how well a model (or a factor) in-
terprets the data (landslides). The prediction-rate curve indicates how
well a model predicts future landslides. The success-rate curve and
prediction-rate curve have computed areas under the curve (AUC)
that range between 0 and 1; higher values indicate a higher success
rate, and values near or less than 0.5 means that the factor is not effec-
tive. In the model evaluation, we classify AUC N 0.9 as excellent,
0.9 N AUC N 0.8 as good, 0.8 N AUC N 0.7 as fair, 0.7 N AUC N 0.6 as
poor, AUC b 0.6 as very poor (Lee et al., 2008a, 2008b). In the evaluation
of a specific factor, we classify AUC N 0.8 as excellent, 0.8 N AUC N 0.7 as
good, 0.7 N AUC N 0.6 as fair, 0.6 N AUC N 0.55 as poor, and AUC b 0.55 as
very poor.

3.2. Construction of a susceptibility model

The construction of a landslide susceptibility model can be
performed using a multivariate statistical method (Carrara, 1983;
Atkinson and Massari, 1998; Guzzetti et al., 1999; Dai et al., 2001;
Ayalew and Yamagishi, 2005; Eeckhaut et al., 2006; Greco et al., 2007)
or other methods (Varnes, 1984; Hutchinson, 1995; Mantovani et al.,
1996; Aleotti and Chowdury, 1999; Chung and Fabbri, 1999; Chung,
2006) using selected effective factors and a landslide inventory.
Discriminant analysis was selected in Lee et al. (2008a) to build a sus-
ceptibility model with causative factors, a triggering factor, and an
event-based landslide inventory. However, in routine analysis of land-
slide susceptibility for many different drainage basins in Taiwan in re-
cent years, we find that logistic regression is better for three reasons:
(1) the shape and concentration of data points in the probability-of-
failure curve are always better when the logistic regression method is
used, (2) logistic variables can be used for categorical data, such as li-
thology and slope aspect, in the logistic regression, and (3) although
normality is also required in logistic regression, it is not as important
as in discriminant analysis. Therefore, the logistic regression method is
adopted in the present study.

3.3. Spatial probability of landslides

After a susceptibility model is built, the landslide inventory can be
used again to construct a probability-of-failure curve for the model by
comparing actual landslide densities and the susceptibility values. This
represents the spatial probability of landslide occurrences during a trig-
gering event. A landslide spatial-probability map can be produced by
alysis: An example from Taiwan, Eng. Geol. (2014), http://dx.doi.org/
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Table 1
List of satellite images used in establishing the landslide inventory.

Location Event date Image Date Type

Tahan D.B. 1999/09/21 Before 1999/02/18, 1999/04/01,
1999/08/17

XS⁎

&
PANAfter 2000/01/02, 2000/01/29

Fongshan D.B., etc. Before 1999/04/01
After 1999/09/27, 1999/10/31,

2000/01/29
Taan D.B. Before 1999/04/01, 1999/04/02

After 1999/10/04, 1999/10/31
Dajia D.B. Before 1998/07/16, 1999/04/01

After 1999/10/31, 2000/01/08
Wu D.B.⁎ Before 1999/04/01, 1999/04/08

After 1999/10/31
Jhuoshuei D.B. Before 1999/04/01, 1999/09/11

After 1999/10/31, 1999/11/17,
2000/01/08

Other Area Before 1999/04/01, 1999/07/01,
1999/07/24

After 1999/09/26, 1999/09/27,
1999/10/12

⁎ Note: D.B. means drainage basin. XS means multispectral. PAN means panchromatic.
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transferring the landslide susceptibility values to the probability of fail-
ure by using the probability-of-failure curve.

A probability-of-failure curve can be fitted to a specific function so
that this function can be used to transfer the susceptibility values to a
landslide spatial probability. This function is commonly some variation
of a hyposine, an exponential shape, or just x/(1-x); it starts from zero
probability of failure at zero susceptibility to a 100% probability as the
susceptibility approaches one. The shape of probability-of-failure
curve for a seismic landslidemodel is generally similar to a rainfall land-
slide model.

3.4. Temporal probability of landslides

The temporal probability of a seismic hazard model can be
accounted for by a triggering factor, namely, the hazard level of Arias in-
tensity in the present study. This can be obtained through a regular
probabilistic seismic hazard analysis (PSHA) (Wong et al., 2004) that
uses a fault-source model in addition to the regional source model
(Cheng et al., 2007) and a proper set of Arias intensity attenuation equa-
tions (Lee et al., 2012).

A certain level of exceedance probability or return period for earth-
quake intensity should be adopted for the hazardmapping. This is com-
monly a 475-year return period or 10% exceedance in 50 years.
However, there may be other choices of return period or exceedance
probability, such as a 950-year return period or a 10% exceedance in
100 years.

Both in establishing a susceptibility model and in hazard mapping,
the Arias intensity should be topographically corrected. This study
used the empirical formula proposed by Lee et al. (2008a) to do the to-
pographic correction of the Arias intensity. The formula is,

Ia
’ ¼ f Ia; ð2Þ

f ¼ h=93:8 þ 0:287ð Þ0:5 þ 0:464; ð3Þ

where Ia is the Arias intensity inm/s; Ia’ is the corrected Arias intensity; f
is the amplification factor; and h is the height above riverbed in meters.

4. Data acquisition and processing

The basic data used in this study included 10-m higher resolution
SPOT images, a 5-m grid digital elevation model (DEM), 1:5000-scale
photo-based contour maps, 1:50,000-scale geologic maps, and earth-
quake strong-motion records. SPOT images were received, processed
and rectified by the Center for Space and Remote Sensing Research, Na-
tional Central University, Taiwan. DEMswere acquired from theDepart-
ment of Interior, Taiwan, and were visually checked using a color-
shaded image of the DEM. When a defect of more than a few pixels in
size was found, this portion was re-digitized from a 1:5000-scale
photo-based contour map. Other abnormal random points were
corrected using a median filter. Finally the DEM was smoothed a little
and reduced to a 10-m grid for subsequent analysis.

Geologic maps (1:50,000) were obtained from the Central Geologi-
cal Survey, Taiwan. Eachmapwas overlaidwith a shadedDEMand visu-
ally inspected in GIS. Some abnormal boundaries, mostly associated
with alluvial and terrace deposits, were corrected. Digital strong-
motion seismograms were collected by the Central Weather Bureau,
Taiwan. They were acquired and processed for ground-motion parame-
ters (landslide triggering factors) in this study, and the ground-motion
values were interpolated on each grid point in the study area using or-
dinary Kriging. Finally, all the vector layers were converted into 10-m
raster cells, and this resolution was used for all subsequent processing
and analysis for each landslide factor and the hazard model.
Please cite this article as: Lee, C.-T., Statistical seismic landslide hazard an
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4.1. The new Chi-Chi landslide inventory

SPOT images taken before and just after the Chi-Chi earthquake
were selected for use and are listed in Table 1. Most pre-earthquake im-
ages were taken on 1999/04/01–08/17, and most post-earthquake im-
ages were taken on 1999/09/26–10/31, with a very small part taken as
early as 1998/07/16 and as late as 2000/01/29. Due to cloud cover prob-
lems, the selected images cover a long span of time, but there were no
typhoons in Taiwan during this period. A very small number of
rainfall-induced landslides might be mixed with the coseismic land-
slides. Because most post-earthquake images were taken on 1999/09/
26–10/31, re-vegetation should not be a problem. Those late images
are within 5 months after the earthquake; recognition of landslides in
the later photos requires more effort, but it was not a problem.

Both multi-spectral (XS) and panchromatic (PAN) images were
used. A fusing technique (Liu, 2000) was used to produce a higher res-
olution false-color composite image to facilitate landslide recognition.
The pixel resolution after fusing is 10 m. False-color SPOT images were
used for landslide recognition. Image interpretation was based on
image tone, shape, association, and also judgment. The landslides
were digitized in GIS, and attributes were assigned to establish a land-
slide map table. Each landslide table was then checked against recent
rectified aerial photographs. Most misinterpretations due to man-
made features or cultivated land could be recognized during this
comparison. The landslide tables were further modified using ground
data obtained from field checks, and a landslide inventory was formed.
Landslide types were noted after examining the characteristics of the
landslide's shape, scarring, and deposition on SPOT images, photo-
based maps, and by field checking. These data were also recorded as at-
tributes for each landslide object in the GIS.

Rock falls were further analyzed by using slope gradients. Theywere
found largely to be located on slopes steeper than 55°, with almost none
on slopes of less than 50°. Rock-fall zones were then defined to be the
region where slopes are greater than 50° and where the area is larger
than 0.5 ha. Finally the attributes in the database were updated using
these rock-fall zones to refine the landslide types and differentiate be-
tween shallow slides and rock falls.

Landslide deposits were identified by comparing the GIS landslide
layer with the 1:5000-scale photo-based contour maps. The slope
angle or concentration of contour lines was used to differentiate de-
posits from source areas. For deep-seated landslides, deposition areas
were clear and easily recognized from its shape and slope gradient
and were differentiated from the sources. For shallow landslides and
falls, volume of deposition was limited and was easily ignored during
alysis: An example from Taiwan, Eng. Geol. (2014), http://dx.doi.org/
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Table 2
List of the Chi-Chi earthquake-induced landslides.

Type Number Area (km2) Number⁎ Area (km2)⁎

Rock falls 326 4.493 310/16 4.291/0.202
Shallow slides 12,651 90.177 12,198/453 86.778/3.399
Deep slides 198 24.834 195/3 24.567/0.267
All 13,175 119.504 12,703/472 115.636/3.868

⁎ Note: landslides within/outside the 250 gal isoseismal line.
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the digitizing. But, if the light tone on the image extended to a gentle
slope, then it was regarded as deposition and was separated from the
source. The final GIS landslide inventory included a detailed description
of the date/event, source/deposit, size, and type of each landslide object.
Finally, pre-event, post-event, and event-triggered landslide inventories
were made.

An event-triggered landslide was identified by comparing the pre-
event and post-event landslide inventories; using this approachwe pro-
duced an event-based landslide inventory. An event-triggered landslide
could be absent from the pre-event landslide inventory or present in
both inventories. Landslides visible in both inventories were carefully
examined for changes in tone and/or enlargement in extent. The Chi-
Chi earthquake event-based landslide inventory is shown in Fig. 1, and
the number and area of the landslides are listed in Table 2.

Landslides triggered by the Chi-Chi earthquake include rock falls,
shallow slides, and deep-seated landslides. Most landslides occurred
within the 0.25 g isoseismal line of earthquake shaking. The deep-
seated landslides included two structurally controlled landslides: the
Tsaoling landslide and the Chiufengerhshan landslide. Lateral-spread
Fig. 1. Landslides triggered by the 1999 Chi-Chi earthquake: (a) landslide distribution (the red s
of Taiwan, (c) size distribution of landslides. (For interpretation of the references to color in th
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landslideswere not observed in this event. Lee (2013) has a detailed de-
scription of the new Chi-Chi landslide inventory.
4.2. Processing of landslide causative factors

We selected several frequently used landslide factors for analysis: li-
thology, slope gradient, slope aspect, roughness, curvature, slope height,
tar indicates the epicenter of the Chi-Chi earthquake), (b) indexmap showing the geology
is figure legend, the reader is referred to the web version of this article.)

alysis: An example from Taiwan, Eng. Geol. (2014), http://dx.doi.org/
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distance to a road, distance to the earthquake source, earthquake inten-
sity, etc. They were processed and evaluated one factor at a time.

The data set for each factor was first divided into a landslide group
and a non-landslide group. Data for each groupwas then classed into in-
tervals, and the number of pixels in each interval was recorded prior to
plotting the frequency distribution of a group. The distribution of these
two groups was visually inspected, and a standard difference between
the two groups was calculated.

Then, the landslide ratio for each interval of factor score was calcu-
lated, and a correlation coefficient between landslide ratios and factor
scores was calculated. The landslide ratio can also be plotted against
the factor score to form a probability-of-failure curve for visual
inspection.

Finally, the cumulative percentage of landslide area against the
percentage of total area was plotted to form a success-rate curve for a
factor, and the AUCwas calculated. The superiority of a factorwasmost-
ly quantified by the AUC.

4.3. Processing of landslide triggering factors

Landslide triggering factors associated with earthquake shaking are
quantified by intensity measures such as peak ground acceleration
(PGA), peak ground velocity (PGV), and Arias Intensity (AI), all of
which are obtained from the earthquake strong-motion records.

The strong-motion data required initial base-line correction and fil-
tering. These were carried out using standard procedures suggested by
the Pacific Earthquake Engineering Research Center (PEER) (Darragh
et al., 2004). Totally, 449 three-component strong-motion records
were processed. PGA, PGV and AI were then calculated from each
corrected seismogram. The arithmetical mean of the Arias Intensities
for the N-S and E-W components was used to represent the earthquake
intensity for the strong-motion station site. The geometrical means of
the PGAs of the N-S and E-W components were used to represent the
horizontal PGA for the strong-motion station site. The geometrical
mean of the PGV was also calculated in this way. These values were in-
terpolated on each grid point in the study area using ordinary Kriging.
Because the strong-motion array is operated by the Central Weather
Bureau, Taiwan, some accelerometers are installed on ridge top, togeth-
er with Meteorological instruments. Stations located on the tops of
ridges were not included in the interpolation.

5. Selection of landslide-controlling factors

Several factors were considered in the present study, and six were
evaluated as being the most effective for interpreting the landslide dis-
tribution and are suitable for usage in the construction of a susceptibility
model. The selected factors should: (1) fit the effective factor-selection
criteria, (2) be relatively normally distributed, (3) be closer to an inde-
pendent variable.

The effective factors for interpreting the Chi-Chi earthquake-
induced landslides are shown in Fig. 2. The statistical characteristics of
the six effective factors are shown in Fig. 3. Their mutual correlations
are listed in Table 3. Lithological units adopted in the landslide suscep-
tibility model are shown in Fig. 4. Two categorical variables, lithology
and slope aspect, and six continuous variables, which are evaluated as
effective factors and adopted in the susceptibility model, are described
below.

5.1. Lithology

Lithologic units were derived from the 1:50,000-scale geologic map.
Each unit was used as an independent factor. These included: terrace
deposits, Pleistocene Series, Pliocene Series, Upper Miocene Series,
Lower Miocene Series, slate and schist units, and quartzite and other
hard rocks, including marble, gneiss, basalt, andesite and agglomerate.
Please cite this article as: Lee, C.-T., Statistical seismic landslide hazard an
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Alluvium, present in flat areas, was classified as stable areas, which
were not included in the analysis.

5.2. Slope gradient

Slope is the first derivative of a topographic surface. Following
Wilson and Gallant (2000), we used a 3 × 3 matrix to calculate the
slope gradient from the grid DEM in the Erdas Imagine system. The spa-
tial distribution of a slope gradient is shown in Fig. 2a. The frequency
distributions, probability of failure and success rate are shown in Fig. 3a.

The slope gradient is an important factor controlling landslide occur-
rence. The present study confirms previous results indicating that land-
slides occur more often on steeper slopes. The results reveal a threshold
at a gradient of about 40% and a very good positive correlation with the
slope gradient. The area under the success-rate curve suggests that it is a
good factor for all types of landslides. The AUC can be as high as 0.754
for shallow slides.

5.3. Slope aspect

Earthquake shaking can have a preferred orientation, and so land-
slides might occur more frequently on slopes having a certain aspect.
More S and SE-facing slopes collapsed during the Chi-Chi earthquake
as compared to other aspects (Lee, 2013). This could be explained by
themovement of the thrust block in theNWandNdirections and agrees
with the results of Ji et al. (2003).

5.4. Terrain roughness

Referring toWilson and Gallant (2000), we used a 13 × 13matrix to
calculate the standard deviation of terrain heights and used this stan-
dard deviation as the terrain roughness. Instead of 3 × 3, a 13 × 13
block might be more representative of the terrain. The spatial distribu-
tion of terrain roughness is shown in Fig. 2b. The frequency distribu-
tions, probability of failure, and success rate are shown in Fig. 3b.

Rough terrain is more unstable than smooth surfaces. The present
results generally show a positive correlation between landslide occur-
rence and terrain roughness. The AUC suggests that it is a good factor
for all types of landslides, and can be as high as 0.719 for shallow slides.

5.5. Slope roughness

Slope roughness is also calculated as in Wilson and Gallant (2000),
using a 13 × 13 matrix to calculate the standard deviation of slope gra-
dients; this standard deviation is interpreted as the slope roughness.
The spatial distribution of slope roughness is shown in Fig. 2c. The fre-
quency distributions, probability of failure, and success rate are shown
in Fig. 3c.

Slopes having highly variable gradients are less stable than smooth
surfaces. The present results generally show a positive correlation be-
tween landslide occurrence and slope roughness. The AUC suggests
that it is a fair-to-good factor for all types of landslides and can be as
high as 0.696 for shallow slides.

5.6. Slope curvature

Curvature is the second derivative of a topographic surface. It can be
classified as profile curvature, plane curvature, tangential curvature, and
total curvature (Wilson and Gallant, 2000). We used a 3 × 3 matrix to
calculate different curvatures from a 13 × 13 matrix smoothed DEM in
the Erdas Imagine system. A smoothed DEM is used so as to reduce
local topographic effects. The spatial distribution of slope curvature is
shown in Fig. 2d. Frequency distribution, probability of failure, and suc-
cess rate are shown in Fig. 3d.

Among the four curvatures, we found that total curvature ismore ef-
fective in interpreting the landslide distribution, and it generally shows
alysis: An example from Taiwan, Eng. Geol. (2014), http://dx.doi.org/
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Fig. 2. Effective factors for interpreting the Chi-Chi earthquake-induced landslides, (a) slope gradient, (b) terrain roughness, (c) slope roughness, (d) total curvature, (e) total slope height,
(f) Arias intensity (topographically corrected).
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a positive correlation between landslide occurrence and curvature. This
means that curved ramp surface is easy to slide and planar slope ismore
stable. The AUC suggests that it is a fair factor for all types of landslides,
and is as high as 0.652 for shallow slides.

5.7. Slope height

Storm-induced landslides are more common on lower slopes and
show a negative correlation with slope height, whereas earthquake-
induced landslides tend to be located closer to ridge tops and generally
show a positive correlation with slope height (Lee, 2013). The results
Please cite this article as: Lee, C.-T., Statistical seismic landslide hazard an
10.1016/j.enggeo.2014.07.023
obtained in the present study show that earthquake-induced landslides
have only a poor correlation to the total-slope-height factor (AUC =
0.554); the local-slope-height factor and the relative-slope-height fac-
tor are very poor in this case. The total-slope-height is defined as the el-
evation difference between top of the slope and toe of the slope. The
local-slope-height is the elevation difference between point of interest
and toe of the slope. The relative-slope-height is defined as the ratio of
local-slope-height to total-slope-height and ranges from 0 (foot of
slope) to 1 (top of slope). Lee (2011) describes themethods for calcula-
tion of these slope-height factors. Landslides have a very good positive
correlation with the near-field total-slope-height within about 300 m,
alysis: An example from Taiwan, Eng. Geol. (2014), http://dx.doi.org/
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Fig. 3. Frequency distribution, probability of failure and success rate curve for effective factors.
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Table 3
Correlation coefficients between each two factors.

Slope Terrain roughness Slope roughness Total curvature Total slope height Arias⁎ intensity

Slope 1.0 0.773 0.726 0.647 0.634 0.170
Terrain roughness – 1.0 0.838 0.701 0.382 0.108
Slope roughness – – 1.0 0.745 0.382 0.105
Total curvature – – – 1.0 0.537 0.168
Total slope height – – – – 1.0 0.123
Arias⁎ intensity – – – – – 1.0

⁎ Note: Topographically corrected.
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but it saturates at long range. The spatial distribution of total slope
height is shown in Fig. 2e. The frequency distributions, probability of
failure, and success rate are shown in Fig. 3e.
5.8. Arias intensity

We tested four distance measures, including the distance to epicen-
ter, distance to hypocenter, distance to fault-rupture line, and distance
to fault-rupture plane, for the interpretation of landslide density. We
also tested three intensity measures, including PGA, PGV, and AI, for a
similar purpose. We found all these distance and intensity measures
to be effective; the AI was the most effective factor for interpreting
landslide occurrence, particularly when corrected for topography
Fig. 4. Lithologic units adopted in the Chi-Chi e

Please cite this article as: Lee, C.-T., Statistical seismic landslide hazard an
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(Lee, 2013). The AUC suggests that it is an excellent factor for all types
of landslides and can be as high as 0.853 for shallow slides.

Correction for topographic effects is made by utilizing the empirical
formula shown in Eqs. (2) and (3). The formula uses only a single factor
of height relative to the riverbed to account for topographic amplifica-
tion. The spatial distribution of corrected AI is shown in Fig. 2f. The fre-
quency distributions, probability of failure, and success rate are shown
in Fig. 3f.
6. Susceptibility model and evaluation

The study area was divided into landslide groups and non-landslide
groups using the Chi-Chi earthquake-induced landslide inventory. The
arthquake landslide susceptibility model.
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Table 4
Coefficients of the logistic function for the training area.

L1 L2 L3 L4 L5 L6 L7 A1 A2 A3 A4

0.089 0.259 −0.538 0.550 −0.067 −1.179 0.000 −0.435 −0.172 0.209 0.288
A5 A6 A7 A8 F1 F2 F3 F4 F5 F6 C
0.345 0.000 −0.339 −0.715 1.068 0.184 0.137 0.827 0.234 1.220 −2.331

*Note: L1: Terrace deposits, A1: N, F1:Slope gradient,
L2: Pleistocene Series, A2: NE, F2:Terrain roughness,
L3: Pliocene Series, A3: E, F3:Slope roughness,
L4: Upper Miocene Series, A4: SE, F4:Total curvature,
L5: Lower Miocene Series, A5: S, F5:Total slope height,
L6: Slate and schist, A6: SW, F6:Arias intensity (topographically corrected)
L7: Quartzite and other hard rocks, A7: W,
C: Constant, A8: NW.
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Fig. 5. Susceptibility model for Chi-Chi earthquake-induced landslides, (a) landslide
probability map, (b) probability of failure curve, and (c) success rate curve.
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total landslide grids and a randomly selected non-landslide data set of
similar size were used in the logistic regression. The results of this
analysis include the logistical functions and coefficients as,

ln
p

1−p

� �
¼

0:089L1 þ 0:259L2−0:538L3 þ 0:550L4−0:067L5−1:179L6−0:435A1−

0:172A2 þ 0:209A3 þ 0:288A4 þ 0:345A5− 0:339A7− 0:715A8 þ
1:068F1 þ 0:184F2 þ 0:137F3 þ 0:827F4 þ 0:234F5 þ 1:220F6−2:331:

ð4Þ

where L1–L7 are lithological units; A1–A2 are slope aspects; F1–F5 are
causative factors; F6 is a triggering factor (Table 4); and p is the occur-
rence probability. During the establishment of the logistic equations,
the input p is 1 for a landslide grid and 0 for a non-landslide grid.
After the regression, when we give a set of factors a score at a grid
point, the occurrence probability p at that point is in the range of 0 to
1. This occurrence probability is taken as a susceptibility index λ in
this study. Larger values of an index indicate a higher susceptibility to
landslide.

Because the factors were standardized before the regression, the co-
efficients of the logistical function indicate the apparent weight of each
factor, which contributes to the landslide susceptibility at a given point.
Of the six factors used, slope gradient, terrain roughness, and the trig-
gering factor (AI), have larger weights than others; some lithological
units, such as L2 (Pleistocene Series) and L4 (Upper Miocene Series)
also have a relatively large weight.

The probability of failure or landslide ratio is calculated for each sus-
ceptibility class, and a probability-of failure-curve is drawn. The spatial
probability of landslide occurrence is indicated by the relationship
between the landslide ratio (probability of failure) and the landslide
susceptibility index (Fig. 5b); the relationship is as follows:

y ¼ 0:01705x= 1−xð Þ0:5469: ð5Þ

where x is the susceptibility index, and y is the probability of failure.
There are some fluctuations in the landslide ratio when the susceptibil-
ity value is high simply because there are less data available. The spatial
probability of a landslide is then used to map the landslide probability
within the study region, as shown in Fig. 5a. Stable areas are neither
used in building the model nor in the evaluation of the success rate or
prediction rate of the results.

6.1. Success rate

If we compare actual landslides that occurred during the Chi-Chi
earthquake among different susceptibility classes, we can observe that
higher landslide ratios are correlated with higher susceptibility. If we
plot cumulative percentages of landslide areas against a percentage of
the total area starting from higher susceptibility to lower susceptibility,
then we can build a success-rate curve, as proposed by Chung and
Fabbri (1999), which reflects how well the classification results fit the
data. The result is excellent, with an AUC equal to 0.912 (Fig. 5c).
Please cite this article as: Lee, C.-T., Statistical seismic landslide hazard analysis: An example from Taiwan, Eng. Geol. (2014), http://dx.doi.org/
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Fig. 6. Chi-Chi susceptibility model applied to the Rueili earthquake-induced landslides
with the success rate curve.

Fig. 7. 475-year Arial intensity maps for Taiwan: (
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6.2. Validation and prediction rate

The Rueili earthquake of ML6.2 occurred on July 17, 1998, in central
Taiwan, about 40 km south of the epicenter of the Chi-Chi earthquake
and with a focal depth of 6 km. It triggered 847 shallow landslides
covering a total area of 478.7 ha (Huang, 1999). These landslide data
were used to validate the Chi-Chi seismic landslide hazard model.

The Rueili earthquake's strong-motion data were processed, the
Arias intensities were calculated, and the topographically corrected AI
prepared. Using this corrected AI in the Chi-Chi susceptibility model
and Chi-Chi probability-of-failure curve, a Rueili earthquake landslide
probability map was obtained (Fig. 6). Finally, the Rueili landslides
were used to compare with the landslide probability map and a
prediction-rate curve was drawn (Fig. 6). The prediction rate is 0.752,
reflecting that the model is fair at prediction.

7. Mapping of seismic landslide hazards for the whole of Taiwan

The susceptibility model built above is capable of landslide predic-
tion during a scenario event, provided the earthquake intensity is
known for each study point. Inmapping landslide hazard, a certain tem-
poral probability or return period for earthquake intensity should be
adopted. The temporal probability of shaking intensity can be obtained
via a PSHA of AI (Jibson et al., 2000; Romeo, 2000). By combining the
spatial probability and temporal probability, we can establish a probabi-
listic landslide hazard model. Examples show that this type of model
can help to reveal hazard probability in Taiwan (Liao, 2004; Lee et al.,
2005).

First, we used our seismic hazard model of Taiwan (Cheng et al.,
2007) and a new Arias-intensity attenuation relationship (Lee et al.,
2012) to perform a PSHA and compile a 475-year Arias-intensity map
for Taiwan (Fig. 7a). Then the Arias intensities were topographically
corrected using the empirical formula shown in Eqs. (2) and (3). The
corrected Arias intensities (Fig. 7b) were then applied to the Chi-Chi
a) uncorrected, (b) topographically corrected.
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Fig. 8. 475-year seismic landslide hazard map for the whole of Taiwan.
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landslide model to construct a 475-year seismic landslide hazard map
for the whole of Taiwan (Fig. 8).
8. Conclusions and recommendations

We used a multivariate statistical approach with logistic regression
to analyze the Chi-Chi earthquake-induced shallow landslides and
their controlling factors to build a susceptibility model. The susceptibil-
ity model was then used to build a hazard model using 475-year return
period earthquake intensity instead of the intensity of theChi-Chi earth-
quake. Also, the probability-of-failure curve was used to transfer the
susceptibility values to spatial probabilities to complete a hazard
model. The results of the analysis are good, provided that careful valida-
tion in a different earthquake-triggering event is made. We conclude
that this statistical approach is feasible for seismic landslide hazard
analysis, that the hazard model can be used to predict landslides after
a major earthquake, that it can be used to produce a seismic landslide
hazard map of a wide region.

The Arias intensity is the most effective factor for interpreting the
landslide distribution among different intensity measures, such as
peak ground acceleration, peak ground velocity, etc. It is also the most
effective factor amongdifferent causative factors, such as slope gradient,
terrain roughness, slope roughness, surface curvature, and slope height,
and thus improves the quality of the model and makes the model tem-
porally significant.

The statistical approach to assess seismic landslide hazard has an ad-
vantage over deterministic methods in that it does not require failure
depth, material strength, or groundwater data, and it might have a bet-
ter prediction rate. On the other hand, a deterministic model can be
used anywhere once the parameters required by the model are avail-
able. The statistical approach, by contrast, is applicable only in the
Please cite this article as: Lee, C.-T., Statistical seismic landslide hazard an
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vicinity of the study region where the model was trained, and it is
limited to the earthquake intensity range with which the model was
developed.

The present proposed hazard model is good for the prediction of
landslide spatial probability during an earthquake event, the mapping
of the seismic landslide hazard probability for a certain return-period
earthquake, decision making for regional planning, site selection,
hazard mitigation, and the estimation of sediment products for a drain-
age basin after an extreme event. However, there is still a lack of output
in regards to the landslide magnitude, which is very important in risk
assessment. This needs further study.
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