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中 文 摘 要 ： 地震型山崩是板塊交界造山帶常見的大型災害之一，若能建構地震
災害的快速評估模式，對於減災及災害管理而言，具有重大助益。
故本研究主要目的為利用羅吉斯特回歸模型建構近及時地震型山崩
之預判模式。本研究首先以1999年南投集集大地震崩塌地資料來訓
練模式，同時以40公尺空間解析度的各類空間資料進行分析。首先
選擇影響地震型山崩的可能因子，並透過多次統計分析，選擇對於
地震型山崩顯著性最高之因子，作為模式建立的影響參數。最後選
擇之因子包括地表加速度，地表粗糙度，岩性，以及兩項複合因子
，地表加速度乘坡度，以及地表加速度乘地表粗糙度。以上述因子
進行羅吉斯特回歸分析，得出地震型山崩地點之崩塌機率圖，再利
用1998年瑞里地震之崩塌地資料進行檢驗，發現設定崩塌機率的閾
值為 0.1時，對於地震型山崩的預測效果最為理想，其平衡準確性
可達95%。故本研究所建立的近及時預測模式，可在地震發生後的極
短時間內，藉由讀取及時地表加速度資料，有效且準確推估可能發
生地震型山崩之地點，幫助決策者在短時間內根據模式結果，預判
潛在地震型山崩之災害位置，及早佈署救災資源，降低人民生命財
產損失。

中文關鍵詞： 地震型山崩, 同震地滑, 塊體移動, 地震災害, 羅吉斯特回歸模型

英 文 摘 要 ： Earthquake-triggered landslides are one of the major
hazards in tectonically active mountain belts, and a
nowcasting (near-real-time assessment) model for rapid
assessment of coseismic landsliding is crucial for hazard
mitigation and management. The purpose of this study is to
develop a nowcasting model by using a logistic regression
model. We use an inventory of earthquake-triggered
landslides from the 1999 Mw7.6 Chi-Chi earthquake to train
the model at a spatial resolution of 40 meters. We use a
multi-stage framework to choose dominant variables for
developing an optimal model. Our result shows that the
model contains three key variables, peak ground
acceleration (PGA), topographic roughness, and lithology,
and two essential combined variables, PGA*slope, and
PGA*roughness, to enhance the interaction between ground
shaking and topography. By using the landslide inventory of
the 1998 ML6.2 Jueili earthquake, the probability threshold
of 0.1 is chosen to define predicted landslides, and the
balanced accuracy is above 0.95 in the prediction. The
development of this model can effectively estimate possible
earthquake-triggered landslides with the input of real-time
PGA values, and facilitate a rapid response in emergencies
based on the potential landslide distributions in Taiwan.

英文關鍵詞： Earthquake-triggered landslides, coseismic landslides, mass
movement, seismic hazard, logistic regression model
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整合遙測及細胞自動機模型於地震型山崩之及時評估 

 

成果報告 
 

 

1. Introduction 
 

 Landslides, which comprise one of the major disaster types on a global scale, are capable of 

causing fatalities and economic loss (Schuster, 1996; Dilley et al., 2005; Nadim et al., 2006). 

Earthquakes, another deadly disaster, can devastate sizable areas and trigger a large number of landslides 

in mountainous regions (Bird and Bommer, 2003; Marano et al., 2010; Daniell et al., 2017; Nowicki 

Jessee et al., 2020). Consequently, earthquake-triggered landslides have become an important research 

subject in recent decades (e.g., Keefer, 1984; Keefer, 2002), and the studies of earthquake-triggered 

landslides extend broadly from the understanding of the erosional process of orogenic belts to 

application in landslide hazard mitigation (e.g., Fan et al., 2019).  

Immediately after an earthquake occurs, rapid identification of landslides is very important for the 

assessment of earthquake impacts and hazard mitigation (Robinson and Davis, 2013). Since landslide 

mapping through satellite imagery is time-consuming, a more efficient way for rapid assessment of 

landslide areas should be considered. In recent years, a few studies focused on real-time assessment 

(nowcasting) of earthquake-triggered landslides through physics-based models (e.g., Jibson et al., 2000; 

Gallen et al., 2017) and statistics-based models (e.g., Nowicki et al., 2014; Kritikos et al., 2015; Parker 

et al., 2017; Nowicki Jessee et al., 2018; Robinson et al., 2018). Physics-based models are developed 

based on mechanical and frictional properties of sliding rocks and the sliding surface, but accurate 

estimates of the physical parameters are required. On the other hand, statistics-based models focus on 

the correlation between key driving factors and observed earthquake-triggered landslides. The 

statistics-based models require fewer parameters than the physics-based models, and the statistical 

results are objective and easy-to-implement at regional or global scales (e.g., ven Westen et al., 2006; He 

and Beighley, 2008; Nowicki et al., 2014; Nowicki Jessee et al., 2018). The statistics-based models 

apply the relationship between causative factors and historic landsliding localities to forecast future 

landslides, and varied types of statistical methods are introduced. Among these methods, logistic 

regression (Peng et al., 2002) is widely used for near-real-time assessment as well as landslide 

susceptibility mapping (e.g., Ayalew and Yamagishi, 2005; Budimir et al., 2015a; Lin et al., 2017) and 

has several advantages over methods such as fuzzy logic (e.g., Kritikos et al., 2015) and artificial neural 

networks (e.g., Tian et al., 2018). Logistic regression provides a clear and intuitive relationship between 

landslides and variables, and it is also easier to implement and faster to train the data than the artificial 

neural networks. Moreover, the prediction of landslide probabilities from logistic regression is useful for 

different rapid response purposes (e.g., using a lower probability threshold for warning the public and a 

higher threshold for pinpointing specific landslide localities).  

Under rapid plate convergence, earthquakes, together with earthquake-triggered landslides, are 

important natural hazards and have become a serious issue in disaster management in the Taiwan area. 

Located at the convergent boundary between the Eurasian plate and the Philippine Sea plate, the island 

of Taiwan has an active mountain belt across the island with frequent earthquake activity (Wu et al., 

2008) as the result of the tectonic collision between the Luzon Arc and the Chinese continent (Teng, 

1990). The 1999 Mw 7.6 Chi-Chi earthquake caused severe damage and widespread landslides, which 

highlighted the need for hazard mitigation measures and the importance of a database for further studies. 
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Local landslide susceptibility mapping has been done in Taiwan (Lin et al., 2004; Lee et al., 2008; Dong 

et al., 2011), but the real-time assessment of earthquake-triggered landslides has not been demonstrated 

for the Taiwan area. While global models (e.g., Nowicki et al., 2014; Nowicki Jessee et al., 2018) have 

been applied to broad regions, the characteristics of earthquake-triggered landslides could vary with 

local geologic conditions (e.g., Khazai and Sitar, 2004). Robinson et al. (2018) examined the 

performance of the global model (Nowicki et al., 2014) for the 2016 Kaikoura earthquake and indicated 

that the output of the model was overpredicted. To improve the model, a model specifically designed for 

a region by using local data may provide better constraints and good prediction with a higher spatial 

resolution (Chousianties et al., 2016; Du and Wang, 2016). Therefore, in this study, we use dense, high 

spatial resolution datasets to establish a nowcasting model specifically designed for the Taiwan area.  

 
Fig. 1. Landslide inventory used in this study. Light blue polygons show landslide distribution of the 

1999 Chi-Chi earthquake (Liao and Lee, 2000) and Dark blue polygons show landslide distribution of 

the 1998 Jueili earthquake (Huang and Lee, 1999), taken from the open repository of global 

earthquake-triggered ground-failure inventories (Schimtt et al., 2017, website link:  

https://www.sciencebase.gov/catalog/item/583f4114e4b04fc80e3c4a1a). Yellow stars denote the 

epicenters of the two earthquakes. Grey lines are seismically active structures of Shyu et al. (2016) and 

red lines are surface ruptures of the Chi-Chi earthquake.  

https://www.sciencebase.gov/catalog/item/583f4114e4b04fc80e3c4a1a
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We apply the logistic regression to develop a nowcasting model for the Taiwan area following the 

method of Nowicki Jessee et al. (2018). Currently available data for the inventories of 

earthquake-triggered landslides in Taiwan is limited and only includes two earthquakes, the 1998 ML6.2 

Jueili and 1999 Mw7.6 Chi-Chi earthquakes (Schmitt et al., 2017; Tanyas et al., 2017). We use the 

landslide dataset of the Chi-Chi earthquake to train the model and use the dataset of the Jueili 

earthquake to calibrate our model (Fig. 1). The model estimates the probability of landslides induced by 

earthquakes and provides a basis to predict possible landslide distributions in near-real time for the 

Taiwan area. 

 

2. Material and methods 

In order to build a logistic regression model for nowcasting earthquake-triggered landslides, it 

requires earthquake-triggered landslide inventories as training data (e.g., Guzzetti et al., 2012) and main 

factors that could affect earthquake-triggered landsides (e.g., Keefer, 2002) as model variables. Recent 

studies incorporate statistical approaches to quantitatively test the significance of different factors and 

develop prediction models for nowcasting landslides on a global scale (Nowicki et al., 2014; Nowicki 

Jessee et al., 2018). Due to the complexity and uniqueness of geological conditions in various regions, 

some main factors in specific regions may not fit with global models and the prediction results of 

earthquake-triggered landslides could be affected (e.g., Robinson et al., 2018). More importantly, global 

studies can work only for data that are uniformly available for the whole world so high resolution 

topographic or geologic data for specific regions cannot be incorporated. 

To reflect the complicated geomorphic and geologic conditions in Taiwan, we use high-resolution 

topographic and geologic data of Taiwan to develop a nowcasting model based on the key drivers for 

earthquake-triggered landslides through statistical tests. First, we conduct a broad literature review to 

select candidate factors that could highly affect earthquake-triggered landslides in Taiwan. An 

examination of correlation coefficients between each candidate factor and landslides is introduced to 

determine the significant factors as the possible variables to the nowcasting model. We then test the 

significance of each variable using a logistic regression model and the goodness-of-fit criteria. Through 

the above processes, the best fitting logistic model is defined to predict the possibility of 

earthquake-triggered landslides in Taiwan. Detailed rationales and development of the model are 

elaborated in the following sections. 

 

2.1.  Variables and data acquisition 

Studies of historic events suggest that landslide distribution is influenced by several factors 

including the intensity of seismic shaking, topography, lithology, etc. (e.g., Keefer, 2002). Variables that 

have high influences on earthquake-triggered earthquakes in Taiwan are categorized in Table 1. For 

earthquake-triggered landslides, seismic parameters and slope are taken as key factors because the 

seismic parameters are quantitative measurements representing ground shaking and slope affects 

landslide volumes and areas (e.g., Liao and Lee 2000; Capolongo et al., 2002; García-Rodríguez et al. 

2008; Huang et al. 2017). Peak ground acceleration (PGA) is one common seismic variable (e.g., 

Meunier et al., 2007; Nowicki et al., 2014), and Arias intensity derived from the integration of seismic 

waveforms is another variable representing the effects of ground-motion amplitude and duration. We 

generate both PGA and Arias intensity datasets and test their performance in the model. Also, rock type 

is vital for the delivery of energy and affects the degree of landslides, and soil wetness is adopted to 

represent friction of soil for the estimation of landslides (Nowicki et al. 2014). Fig. 2 shows major 

datasets used in the final model. 
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The above-mentioned factors have been prevailingly examined in the mechanism of landslides after 

earthquake events. Several prediction models adopt some of these factors and provide a generic solution 

to draw probability maps of earthquake-triggered landslides (e.g., Keijsers et al. 2011; Chiang et al. 

2012; Nowicki et al. 2014; Nowicki Jessee et al. 2018). To examine all the factors, the following 

datasets are acquired:  

 Seismic data: 

The seismic waveform datasets are retrieved directly from the Central Weather Bureau (CWB), 

Taiwan, and National Center for Research on Earthquake Engineering (NCREE). All the raw data 

sources are converted from the geographical coordinate system (WGS84) to the projected 

coordinate system of Taiwan (TWD97). We generate a ground-shaking map of the whole island at a 

spatial resolution of 40 meters via the Kriging interpolation method.  

 Topographic data: 

Digital elevation model (DEM) data can be openly accessed from the Open Data website of the 

Ministry of Interior, Taiwan. The DEM dataset acquired in this study was generated before the 

Chi-Chi earthquake, and the spatial resolution is 40 meters. The projected coordinate system of the 

40-meter DEM dataset is TWD97. The dataset is used for the calculation of aspect, slope angle, 

roughness, curvature, elevation, the angle between aspect and earthquake wave propagation, and 

distance to ridge. 

 Wetness data: 

The Compound Topographic Index (CTI) is used to examine soil wetness and determine the friction 

of landslide associated with moisture variations. The dataset is gathered from CWB, and the 

formula of this index is represented as follows (Moore et al., 1991): 

 

where A is the area of a watershed and α is the angle of slope in each pixel of the DEM data. 

 Lithologic data:  

We obtain lithologic data from the vector dataset of Kao and Milliman (2008)’s six lithologic 

classes, which represent major rock types in Taiwan, and rasterize the data at a spatial resolution of 

40 meters.  

These factors are individually used to examine their impacts on landslides (Fig. S1 in the 

supplementary material file). There are two approaches to examine the impacts on landslides: Cramer’s 

V and the point biserial correlation coefficient (Reynolds, 1984; Louangrath, 2014; Nowicki Jessee et al., 

2018). Cramer’s V is used to examine the relationship between lithologic data and landslide data 

because lithologic data is nominal and landslide data is binary. The point biserial correlation coefficient 

is appropriate for assessing relationships between other factors and landslides because datasets for other 

factors are continuous data. We use these two assessment approaches to check the degree of correlation 

between the individual factor and landslide occurrence. The range of the values is from -1 to 1. If the 

value is close to -1 or 1, it means a negative or positive correlation between landslides and the factor. If 

the value falls in the range of -0.1 to 0.1, it means the factor has a weak or even no impact on landslide 

occurrence. This procedure helps the determination of factors that have strong influences on landslides, 

and the selected factors are introduced as candidate variables for further modeling. 
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Table 1. Candidate factors for the assessment of earthquake-triggered landslides 

Type  Variable  Reference 

Seismic 

property 

PGA Lin and Tung (2004); Budimir et al. (2015b); Nowicki et al. (2014); Umar et al. (2014); Nowicki 

Jessee et al. (2018) 

 Arias Intensity (AI) Campbell and Bozorgnia (2012); Liu et al. (2016); Lee et al. (2012); Liu et al. (2015) 

 Wave and aspect 

direction 

Khazai and Sitar (2003); Lin and Tung (2004); Meunier et al. (2008); Lee (2013) 

Lithology Lithologic data Nowicki et al. (2014); Nowicki Jessee et al. (2018) 

Topography Elevation Lin and Tung (2004); Chang et al. (2007); Umar et al. (2014); Budimir et al. (2015b) 

 Aspect Lin and Tung (2004); Lee and Evangelista (2006); Chang et al. (2007); Umar et al. (2014); 

Budimir et al. (2015b) 

 Curvature Umar et al. (2014); Budimir et al. (2015b) 

 Plan curvature Chang et al. (2007) 

 Profile curvature Chang et al. (2007) 

 Roughness (3×3) Budimir et al. (2015b) 

 Roughness (5×5) Budimir et al. (2015b) 

 Distance to ridge Chang et al. (2007); Budimir et al. (2015b) 

 Slope angle Lin and Tung (2004); Chang et al. (2007); Nowicki et al. (2014); Umar et al. (2014); Budimir et 

al. (2015b); Nowicki Jessee et al. (2018) 

Wetness CTI Jibson (1993); Chang et al. (2007); Nowicki et al. (2014); Nowicki Jessee et al. (2018) 

PGA: peak ground acceleration; CTI: compound topographic index; Roughness (3×3): topographic roughness calculated by averaging surrounding 3×3 

cells; Roughness (5×5): topographic roughness calculated by averaging surrounding 5×5 cells.
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(a) PGA (b) Roughness (5x5) 

 
 

(c) Lithology  

 
 

Fig. 2. Datasets of the variables used in the final model showing the distribution of (a) PGA of the 

Chi-Chi earthquake, (b) Roughness (5x5), and (c) Lithology. PGA values are in the unit of gal. 

Roughness is unitless. Lithology variable contains six classes modified from Kao and Milliman 

(2008). 

 

2.2.  Logistic regression 

Logistic regression model is a type of nontraditional regression analysis addressing the binomial 

distribution through the logit transformation, which is the natural log of an odds ratio of the 

probability that an event will occur (Berry et al., 1996). It is useful to estimate the transition 

probability of land cover changes by key driving factors. The fundamental function calculating 

transition probability in the multinomial logistic regression model is as follows. 
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where e is the mathematical constant, and y is the linear regression function composed of various 

parameters that reflects land cover changes from category i to category j. The linear regression is 

shown below. 

 

 
 

where α is the constant intercept and  is the coefficient of  condition of variable ; ε is the 

error term. 

Selected factors that drive earthquake-triggered landslides are adopted for this model and used 

to estimate the probability of conversion for each cell ( ) in the logistic regression 

model. Sample points are randomly selected on landslide and non-landslide areas, and variables of 

these sample points are collected to calculate constants of all parameters in the logistic regression 

model. To determine the most significant variables, goodness-of-fit approaches including Akaike 

information criteria (AIC), area under the receiver operating curve (AUC), positive predictive value 

(PPV), and negative predictive value (NPV), are adopted to determine the highly influential factors 

based on a probability threshold of landslides. This procedure helps the selection of the most 

important variables in the logistic regression method.  

 

3. Results 

Determination of factors based on significant correlations with earthquake-triggered landslides is 

a key step in the nowcasting model. We list all of the tested factors in Table 1 and determine five 

factors as shown in Table 2. These factors act as input variables in the model to compute the 

probability of landslides for the 1999 Chi-Chi earthquake and the 1998 Jueili earthquake. 

 

3.1.  Determination of variables  

Datasets of all factors in Table 1 are acquired to explore factors that are significantly related to 

landslides. Curvature is the morphology of the topography. Plan curvature is perpendicular to the 

direction of maximum slope. Profile curvature is the direction of the maximum slope. CTI is the 

compound topographic index. Roughness (3×3) is the standard deviation of slope (3×3 cell sample) 

from DEM. Roughness (5×5) is the standard deviation of slope (5×5 cell sample) from DEM. Bold 

coefficient values denote a more significant correlation (> 0.1 or < -0.1). 

Each dataset, except lithologic data, is adopted in the point biserial correlation coefficient for 

assessing relationships between each factor and landslide occurrence. The relationship between the 
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lithologic dataset and landslide occurrence is examined by the Cramer’s V approach. The correlation 

coefficients between each factor and the landslides are listed in Table 2. Coefficient values larger 

than 0.1 or smaller than -0.1 reveal that each factor has a strong correlation with landslide 

occurrences (Nowicki et al., 2018). As a result, only PGA (0.72), Arias Intensity (0.61), Lithologic 

data (0.36), Roughness (3x3) (0.44), Roughness (5x5) (0.45), and slope angle (0.43) are considered 

as the candidate variables in the logistic regression model.  

  

Table 2. Correlation coefficient between each variable and earthquake-triggered landslides 

Type  Variable  Coefficient p-Value 

Seismic 

property 

PGA 0.72 0.00 

 Arias Intensity (AI) 0.61 0.00 

 Wave and aspect direction 0.06 0.00 

Lithology Lithologic data 0.36 0.00 

Topography Elevation 0.05 0.00 

 Aspect 0.02 0.00 

 Curvature -0.06 0.00 

 Plan curvature -0.06 0.00 

 Profile curvature 0.06 0.00 

 Roughness (3×3) 0.44 0.00 

 Roughness (5×5) 0.45 0.00 

 Distance to ridge -0.02 0.00 

 Slope angle 0.43 0.00 

Wetness CTI -0.09 0.00 

PGA: peak ground acceleration. Curvature: morphology of the topography. Plan curvature: 

perpendicular to the direction of maximum slope. Profile curvature: direction of the maximum slope. 

CTI: compound topographic index. Roughness (3×3): standard deviation of slope (3×3 cell sample) 

from DEM. Roughness (5×5): standard deviation of slope (5×5 cell sample) from DEM. Bold 

coefficient values denote a more significant correlation (> 0.1 or < -0.1). 

 

3.2.  The nowcasting model of earthquake-triggered landslide 

We iterate different combinations of the candidate variables to find the best-fit model. Six 

candidate variables including PGA, Arias Intensity, Lithology, Roughness (3x3), Roughness (5x5), 

and slope angle, are used in the iterative tests (Fig 2). We randomly select 2500 pixels on 

non-landslide areas and another 2500 pixels on landslide areas as the training data. Values of the six 

variables for all 5000 pixels are stored in a table and used in the logistic regression model to test the 

best-fit model through AIC, AUC, PPV, and NPV (Table 3). The best-fit model should have a lower 
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AIC value, and higher AUC, PPV, and NPV values. 

 

Table 3. A test of the best-fit model 

Variable AIC  AUC PPV NPV 

PGA + Roughness (5×5) + Lithology + 

PGA*Slope + PGA*Roughness (5x5) 

83706 0.9435 0.8567 0.9081 

PGA + Roughness (5×5) + PGA*Roughness 

(5x5) + Lithology 

83717 0.9434 0.8566 0.9077 

PGA + Slope + PGA*Roughness (5x5) + 

Lithology + PGA*Slope  

83872 0.9433 0.8570 0.9078 

PGA + Roughness (5×5) + Lithology 

+PGA*Slope 

84174 0.9426 0.8537 0.9112 

PGA + Roughness (5×5) + Lithology 84342 0.9424 0.8527 0.9137 

PGA + Slope + Lithology + PGA*Slope  88582 0.9175 0.7973 0.9704 

PGA + Slope + Lithology  88678 0.9362 0.8453 0.9081 

PGA + Slope + Lithology + Roughness (3×3) 88680 0.9361 0.8618 0.8760 

PGA + Slope 93471 0.9296 0.8387 0.8984 

Arias Intensity + Roughness (5×5) + Lithology 97639 0.7939 0.9321 0.5485 

 

According to the literature, the two main driving variables leading to the earthquake-triggered 

landslides are PGA and slope (Lin and Tung, 2004; Nowicki et al., 2014; Umar et al., 2014; Nowicki 

Jessee et al., 2018). In this model, however, the variable of the slope itself is insignificant statistically, 

but the variable of roughness (5x5) does improve the prediction and can be instead considered as 

another driver to represent the slope property. 

In addition to using each variable in the model, some variables may be correlated and the 

combination of the variables should be considered (Nowicki et al., 2014; Nowicki Jessee et al., 2018). 

For example, Nowicki et al. (2014) introduced a cross term of PGA*slope to consider its effect in the 

model. We test the correlation between PGA and other variables, and we find that slope and 

roughness are correlated with PGA (Fig. S2 in the supplementary material file). In this study, two 

cross terms, PGA*slope and PGA*roughness (5x5), are included as candidate variables in the 

process of examinations on AIC, AUC, PPV, and NPV. 

From the results in Table 3, the best-fit model contains the following variables: PGA, Roughness 

(5×5), Lithology, PGA*Slope, and PGA*Roughness (5x5), because this combination has lower AIC 

and higher AUC, PPV, and NPV. The significance and statistical results of the variables are listed in 

Table 4. In addition, a Wald test is conducted to examine the significance of the explanatory 

variables. 
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Table 4. Constants and significance of the logistic regression model 

Coefficient Estimate Std. Error Wald test P-value 

Intercept -3.469336 0.07559115 7.680597e+03 <0.001 

PGA 6.252418 0.1307091 2.568797e+03 <0.001 

Roughness (5x5) 11.67491 0.4039776 2.689223e+02 <0.001 

Lithology -6.624769 0.09738447 4.627667e+03 <0.001 

PGA * Slope -0.6799484 0.2011627 1.084542e+03 <0.001 

PGA *Roughness (5x5) 11.71126 0.5447306 1.479033e+02 <0.001 

The final equation of this model is: 

 

 
 

 

 

After the development of the logistic regression model, we test this model on the Chi-Chi 

Earthquake. A probability map of landslides triggered by the Chi-Chi Earthquake is shown in Fig. 3. 

The data used for the examination include 140,000 landslide pixels and another 140,000 

non-landslide pixels. All 280,000 pixels are selected to calculate the sensitivity (true positive rate, 

TPR) and the specificity (true negative rate, TNR). The sensitivity and specificity are used for the 

calculation of balanced accuracy (Eq.4). We vary the threshold of landslide probability from 0.1 to 

0.9 in the interval of 0.1. If the probability of each pixel is higher than the threshold, the pixel is 

counted as a landslide pixel. We compare the predicted landslides with the true data and calculate 

TPR and TNR. The balanced accuracy, TPR, and TNR based on different threshold values are shown 

in Table 5. 

 

 
 

Table 5. Balanced accuracy under various threshold of probability 

Threshold TPR TNR Balanced accuracy 

0.0 1.00000 0.00000 0.50000 

0.1 0.99017 0.67818 0.83417 

0.2 0.98383 0.73980 0.86181 

0.3 0.97040 0.78101 0.87570 

0.4 0.94812 0.81460 0.88136 
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0.5 0.91435 0.84710 0.88072 

0.6 0.86844 0.87883 0.87363 

0.7 0.80283 0.91146 0.85715 

0.8 0.69960 0.94394 0.82042 

0.9 0.51654 0.97461 0.74558 

TPR: true positive rate; TNR: true negative rate. 

 

The above test indicates the landslide probability threshold of 0.4 has the best balanced 

accuracy (Fig. 4), but it is not straightforward to select a threshold. To select a threshold of 0.4 means 

if the probability of a cell calculated through the nowcasting model is larger than 0.4, it will be 

counted as a landslide pixel. However, balanced accuracy values of the threshold between 0.1 and 

0.8 are similar, and all of their prediction results of TPR and TNR are significant. In addition, the 

lines of balanced accuracy, TPR, TNR, intersect at the 0.6 threshold, which implies that the 

prediction of non-landslide and landslide areas reaches a balance at that value. Moreover, since the 

nowcasting model is developed for the risk assessment of earthquake-triggered landslides, 

overpredicting could be acceptable for practical purposes. If the threshold is set to a low value (e.g., 

0.1), it may generate many false alarms, but instead, it avoids the occurrence of missing events. 

Consequently, three values of the threshold, 0.1, 0.4, and 0.6, are considered in the prediction of the 

1998 Jueili earthquake to examine the best probability threshold. 

 

  

Fig. 3. Probability of landslides triggered by the 1999 Chi-Chi earthquake. Black polygons are 

mapped landslides from Liao and Lee (1999). 
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Fig 4. Balanced accuracy of the nowcasting model based on Chi-Chi earthquake. blacc: 

balanced accuracy; TPR: true positive rate; TNR: true negative rate. 

 

3.3.  Verification of the threshold value 

The nowcasting model is developed under the landslide datasets derived from the Chi-Chi 

earthquake, and a selection of another earthquake event is essential to verify the reliability of this 

model. The 1998 ML6.2 Jueili earthquake, which triggered a large area of landslides in Nantou 

County, Taiwan, is selected for verification. After the collection of PGA data of the Jueili earthquake 

from CWB, we compute a probability map of landslides for the Jueili earthquake through the logistic 

regression model (Fig. 5). Three threshold values (0.1, 0.4, and 0.6) are used to examine TPR and 

TNR. The results of balanced accuracy are shown in Table 6.  

 

  

Fig. 5. Probability of landslides triggered by the 1998 Jueili earthquake. Black polygons are mapped 

landslides from Huang and Lee (1999).  
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Table 6. Balanced accuracy of 1998 Jueili earthquake  

Threshold TPR TNR Balanced accuracy 

0.1 0.94920 0.96472 0.95696 

0.4 0.78631 0.98418 0.88525 

0.6 0.70319 0.98854 0.84586 

 

The verification results indicate that the nowcasting model in general has reliable prediction 

outcomes under all three thresholds. We also use the receiver operating characteristic (ROC) curve to 

examine our model. The ROC curves for the Chi-Chi and Jueili earthquake both indicate a high 

prediction accuracy rate of the nowcasting outcomes from non-landslide to landslide areas (Fig. 6). 

However, the best result of the balanced accuracy (0.95696) takes place while the threshold is set to 

0.1, and the accuracy drops when the threshold is set to a higher value. TPR values also reveal a 

significant decrease with the increase of threshold while TNR values slightly increase.  

 

  

Fig.6. The ROC Curve of landslide predictions from (left) the Chi-Chi earthquake and (right) 

the Jueili earthquake. 

 

4. Discussion 

The landslide inventory of the Chi-Chi earthquake provides an opportunity for us to build an 

effective nowcasting model. According to the model verification, the nowcasting model can 

effectively estimate the spatial distribution of earthquake-triggered landslide probabilities in Taiwan. 

In our model, variables such as PGA, lithology, and topographic roughness not only serve as main 

variables in the prediction of earthquake-triggered landslides but also represent key environmental 

conditions that drive the process of earthquake-triggered landslides in Taiwan.  

Based on the result of the coefficient analysis (Table 2), PGA has the highest coefficient value 

among all the variables, which meets the classical theory that PGA is the most dominant variable for 

earthquake-triggered landslides (e.g., Meunier et al., 2007). In addition, since Arias intensity is also a 

representative ground-shaking variable, we test both variables of PGA and Arias intensity. The 

coefficient of PGA (0.72) and Arias intensity (0.61) are higher than the threshold (0.1). The two 
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variables are both highly correlated with landslides, but PGA does show a higher correlation. In the 

model testing, the selection of PGA has better goodness-of-fit results than the Arias intensity with the 

same variable combination (Table 3). Also, since Arias intensity requires full waveforms for the 

calculation with time-consuming computation, it may not be an effective parameter for the 

nowcasting procedure. As a result, PGA is selected as the determinant variable to represent the 

influence of seismic shaking in the model. 

Our results suggest that roughness is more strongly correlated with landslides than slope. 

During the process of selecting variables, the prevailing variable, slope, has a significant impact on 

landslides. However, in the model testing, the adoption of slope does not provide the best fitting 

result. Instead, roughness plays an essential role in the best-fit model (Table 3). Because roughness is 

calculated from the standard deviation of the slope values for surrounding pixels, the variation of the 

slope can be more dominant for landslide occurrence in Taiwan mountain belts. In addition, the two 

cross terms, PGA*slope and PGA*roughness, are useful predictors in the model, suggesting the 

interaction between seismic shaking and topography should enhance the process of 

earthquake-triggered landslides. 

Compared to the global model (Nowicki et al., 2014; Nowicki Jessee et al., 2018), the regional 

scale of the variables used in this model reveals the importance of local geological conditions in 

Taiwan. The data for generating the variables also show high spatial resolution at the scale of Taiwan. 

For example, CWB sets up more than 100 seismic stations distributed in Taiwan to detect PGA. The 

topological data, including slope and roughness, is extracted from the 40-meter DEM data across the 

whole area of Taiwan. 

With all the tested variables, one should note that the original resolution of each variable is 

different. We set the resolution of all variables in this model to 40 meters following the resolution of 

the DEM data because most of the variables are related to the topographic data. The original 

resolution of the seismic variables (e.g., PGA) depends on the distribution of the seismic stations, 

and it may contain artificial errors when we interpolate the seismic data into the 40-meter resolution. 

In addition, because the lithologic data is categorized into six classes, the resolution and accuracy are 

relatively low although we still compute the lithologic class for each cell at the resolution of 40 

meters. Ordinarily, the lithologic variable should not be influential at the local scale when the 

lithologic values of surrounding pixels are the same. In order to compute the nowcasting model for 

the whole Taiwan area, the 40-meter resolution is practical for the model. The results from the 

nowcasting model visualize the extent of potential landslide areas from a local scale (Fig. 5) to a 

regional scale (Fig. 3). The outcomes indicate that the resolution of all these variables is fine enough 

to emphasize the influence of the driving factors on earthquake-triggered landslides at various scales. 

Another consideration in the nowcasting model is the determination of the probability threshold 

for predicting landslide areas. According to the analysis for the Chi-Chi earthquake (Fig. 4), the 

balanced accuracy maintains high values (>0.8) as the values of the probability threshold vary 

between 0.1 and 0.8. When the probability threshold is 0.4, the balanced accuracy has the highest 
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value (0.88136). When the probability threshold is 0.6, TPR and TNR intersect and the balanced 

accuracy is slightly lower (0.87363). Since the probability thresholds between 0.1 and 0.8 provide 

good predictions of earthquake-triggered landslides in the nowcasting model, it is indeterminate to 

select a threshold value. Thus, we use the Jueili earthquake to examine the predictive performance of 

our model among different values of the balanced accuracy. The result shows that the maximum 

value is at the probability threshold of 0.1 and the values decrease significantly as the threshold value 

increases. Thus, we set the threshold as 0.1 for the prediction of earthquake-triggered landslides. In 

practice, it is also acceptable to choose a lower probability value, which tends to have more false 

alarms and fewer missing alarms, to provide a safer prediction. 

There are still some limitations of the nowcasting model requiring more improvement in the 

future. First of all, the training and validation data are collected from only two severe earthquake 

events. Future tests should incorporate more inventories of coseismic landslides from other historic 

events. Second, many variables require the use of DEM for the data analysis and prediction, but 

earthquakes and landslides change the DEM and may affect the accuracy for future prediction. The 

DEM data adopted in this model was generated before the devastating Chi-Chi earthquake in 1999, 

and the geomorphological condition changed after the earthquake. The integration of new DEM data 

to the nowcasting model should be considered. Third, since the original resolutions of the 

non-topographic variables are different, possible errors may be introduced in the model and therefore 

decrease the accuracy of the nowcasting results. More studies are needed in the future to consider the 

spatial resolution for the non-topographic variables and examine the accuracy when interpolating 

data from low-resolution variables. Lastly, although the probability map from the nowcasting model 

generates useful prediction outcomes, there is still room to improve the accuracy of prediction of 

earthquake-triggered landslides, especially in areas with high landslide potential. More variables 

should be further tested and validated to make the nowcasting model more reliable.  

 

5. Conclusion 

In this study, we use the logistic regression method to develop a nowcasting model for the 

Taiwan area by using an inventory of earthquake-triggered landslides for the 1999 Mw7.6 Chi-Chi 

earthquake. After an examination of key variables, we find that ground-shaking and topographic 

factors are key drivers for predicting earthquake-triggered landslides. Both PGA and Arias intensity 

reflect high influence on landslides, but PGA is the best choice for nowcasting because it can be 

computed much quicker. Lithology is also an important predictor in the model. In addition, the 

classical topographic variable, slope, does not play a primary role in the model. Two essential 

variables, PGA*slope and PGA*roughness, improve predictive accuracy and highlight how the 

interaction between ground shaking and topography enhances the occurrence of earthquake-triggered 

landslides. After the examination of this nowcasting model with the landslide inventory of the 1998 

ML6.2 Jueili earthquake, the value of 0.1 is set as the probability threshold to define predicted 

landslides, and the balanced accuracy of observed and predicted landslides is above 0.95.  
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New Zealand, earthquake. Bull. Seismo. Soc. Am. 108 (3B), 1665-1682. 

https://doi.org/10.1785/0120170234 

Schmitt, R.G., Tanyas, H., Nowicki Jessee, M.A., Zhu, J., Biegel, K.M., Allstadt, K. E., Jibson, R.W., 

Thompson, E.M., van Westen, C.J., Sato, H.P., Wald, D.J., Godt, J.W., Gorum, T., Xu, C., 

Rathje, E.M., Knudsen, K.L., 2017. An open repository of earthquak-triggered ground-failure 

inventories: U.S. Geological Survey Data Series 1064, 17 p. https://doi.org/10.3133/ds1064 

Schuster, R. L. 1996. Socioeconomic significance of landslides. Landslides: Investigation and 

Mitigation. Washington (DC): National Academy Press. Transportation Research Board 

Special Report 247:12-35.  

Shou, K.J., Hong, C.Y., Wu, C.C., Hsu, H.Y., Fei, L.Y., Lee, J.F., Wei, C.Y., 2011. Spatial and 

temporal analysis of landslides in Central Taiwan after 1999 Chi-Chi earthquake. Eng. Geol. 

123, 122-128. https://doi.org/10.1016/j.enggeo.2011.03.014 

Shyu, J.B.H., Chuang, Y.R., Chen, Y.L., Lee, Y.R., Cheng, C.T., 2016. A new on-land seismogenic 

structure source database from the Taiwan Earthquake Model (TEM) project for seismic 

hazard analysis of Taiwan. Terr. Atmos. Ocean. Sci. 27(3), 311-323. 

https://doi.org/10.3319/TAO.2015.11.27.02 

https://doi.org/10.1016/j.enggeo.2014.02.002
https://doi.org/10.1016/S0013-7952(03)00069-3
https://doi.org/10.5194/nhess-2017-193
https://doi.org/10.1080/00220670209598786
https://doi.org/10.5194/nhess-13-2279-2013
https://doi.org/10.5194/nhess-17-1521-2017
https://doi.org/10.1785/0120170234
https://doi.org/10.3133/ds1064
https://doi.org/10.1016/j.enggeo.2011.03.014
https://doi.org/10.3319/TAO.2015.11.27.02


 21 

Tanyas, H., van Westen, C. J., Allstadt, K.E., Nowicki Jessee, M.A., Görüm, T., Jibson, R.W., Godt, 

J.W., Sato, H.P., Schmitt, R.G., Marc, O., Hovius, N., 2017. Presentation and analysis of a 

worldwide database of earthquake-induced landslide inventories. J. Geophys. Res. 122 (10), 

1991-2015. https://doi.org/10.1002/2017JF004236 

Tanyas, H., Lombardo, L., 2019. Variation in landslide-affected area under the control of ground 

motion and topography. Eng. Geol. 260, 105229. 

https://doi.org/10.1016/j.enggeo.2019.105229 

Tanyas, H., Rossi, M., Alvioli, M., van Westen, C.J., Marchesini, I., 2019. A global slope unit-based 

method for the near real-time prediction of earthquake-triggered landslides. Geomorphology 

327, 126-146. https://doi.org/10.1016/j.geomorph.2018.10.022 

Teng, L.S., 1990. Geotectonic evolution of late Cenozoic arc-continent collision in Taiwan. 

Tectonophysics 183, 57-76. https://doi.org/10.1016/0040-1951(90)90188-E 

Tian, Y., Xu, C., Hong, H., Zhou, Q., Wang, D. 2018. Mapping earthquake-triggered landslide 

susceptibility by use of artificial neural network (ANN) models: an example of the 2013 

Minxian (China) Mw 5.9 event. Geomatics, Nat. Hazards and Risk 10(1), 1-25. 

https://doi.org/10.1080/19475705.2018.1487471  

Umar, Z., B. Pradhan, A. Ahmad, M. N. Jebur, and M. S. Tehrany. 2014. Earthquake induced 

landslide susceptibility mapping using an integrated ensemble frequency ratio and logistic 

regression models in West Sumatera Province, Indonesia. Catena 118, 124-135. 

https://doi.org/10.1016/j.catena.2014.02.005 

van Westen, C.J., van Asch, T.W.J., Soeters, R., 2006. Landslide hazard and risk zonation-why is it 

still so difficult? Bull. Eng. Geol. Env. 65, 167-184. 

https://doi.org/10.1007/s10064-005-0023-0  

Wang, W.N., Wu, H.L., Nakamura, H., Wu, S.C., Ouyang, S., Yu, M.F., 2003. Mass movements 

caused by recent tectonic activity: The 1999 Chi-chi earthquake in central Taiwan. Island Arc, 

12 (4), 325-334. https://doi.org/10.1046/j.1440-1738.2003.00400.x 

Wessel, P.W., Smith, H.F., Scharroo, R., Luis, J.F., Wobbe, F., 2013. Generic Mapping Tools: 

Improved version released, Eos Trans. AGU 94, 409-410. 

Wu, Y.M., Chang, C.H., Zhao, L., Teng, T.L., Nakamura, M., 2008. A comprehensive relocation of 

earthquakes in Taiwan from 1991 to 2005. Bull. Seismo. Soc. Am., 98(3), 1471-1481. 

https://doi.org/10.1785/0120070166 

Xu, C., Xu, X., Shen, L., Yao, Q., Tan, X., Kang, W., Ma, S., Wu, X., Cai, J., Gao, M., 2016. 

Optimized volume models of earthquake-triggered landslides. Scientific reports 6. 

https://doi.org/10.1038/srep29797 

 

https://doi.org/10.1002/2017JF004236
https://doi.org/10.1016/j.enggeo.2019.105229
https://doi.org/10.1016/j.geomorph.2018.10.022
https://doi.org/10.1016/0040-1951(90)90188-E
https://doi.org/10.1080/19475705.2018.1487471
https://doi.org/10.1016/j.catena.2014.02.005
https://doi.org/10.1007/s10064-005-0023-0
https://doi.org/10.1046/j.1440-1738.2003.00400.x
https://doi.org/10.1785/0120070166
https://doi.org/10.1038/srep29797


表 Y04 

科技部補助國內專家學者出席國際學術會議報告 

                                                          2019年 04月 18日 

報告人姓名 吳秉昇 服務機構 

及職稱 

國立臺灣師範大學地理系 

助理教授 

會議時間 

會議地點 

03 – 07 April 2019 

Washington D.C., USA 

本會核定 

補助文號 
MOST 107-2119-M-003 -003 -MY2 

會議 

名稱 

 (中文) 

 (英文) Annual Meeting of AAG 2019 

發表 

論文 

題目 

 (中文) 

 (英文) GIS－based modeling of Earthquake－Triggered Landslides in 

Taiwan 

 

附
件
三 



表 Y04 

報告內容應包括下列各項： 

一、參加會議經過 

 

Annual Meeting of AAG is the most important conference for geographers around the world. 

Attend the conference and join fellow geographers, GIS specialists, environmental scientists, and 

other leaders for the latest in research and applications in geography, sustainability, and GIScience. 

This year the meeting is held April 03 - 07, 2019 and features more than 6,000 presentations, 

posters, workshops, and field trips by leading scholars, experts, and researchers. A new trend in 

GIScience is GeoAI and deep learning. A series of symposiums are organized to highlight the 

following topics: geospatial ontology, semantics, spatial-temporal modeling, data mining, and big 

data and GeoAI applications. Presentations regarding these topics reflect various potential 

directions in the theories and implementations of GIScience for the next generation. 

 

In addition to my presentation, I attended several sessions including the adoption of social media 

and big data for disaster, urban data science, and symposium on human dynamics. Another 

innovative presentation is the speech “Calling GIS innovations to address tensions in tropical and 

subtropical geography” by Prof. May Yuan. These presentations ignite several research topics that I 

am currently interested but haven’t further explored. They help me better organize my future 

research plans for the next 5 years. 

 

二、與會心得 

 

Different from the annual meeting last year, most of the presentations focus on the adoptions of 

computation performances and the spatial-temporal analysis of spatial big data in geographic 

issues. A surprising finding is that many urban geographers start to adopt the new geospatial 

technologies and social media data to examine urban issues. As an urban geographer, I am pleased 

to learn how those researchers deal with urban studies from a new horizon, compared to the 

traditional methodologies such as spatial analysis and urban modeling. 

 

Another highlight is the growing number of studies on disaster management. A good number of 

applications and modeling are established to analyze impacts of disasters or predict possible 

damages caused by disasters. It implies that more and more geographers are aware of the 

importance of disaster management and start to pay attention to the use of cutting-edge 

geospatial technologies on hazard mitigation and prevention.  

 

In summary, the current trend of geography study is the re-inventory of AI, deep learning, and 

other new geo-computation technologies on traditional physical or human geography topics and 

look for better research outcomes and build up new theoretical or methodological frameworks. 
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三、考察參觀活動(無是項活動者省略) 

 

Nil 

 

四、建議 

 

Nil 

 

五、攜回資料名稱及內容 

 

Nil 

 

六、其他 

 

Photo attached to reveal the event of AAG 2019 Conference. 

 

 

 

Figure 1. My presentation on AAG 2019 
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Figure 2. The Lobby of AAG 2019 Conference 
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Figure 3. A panel discussion of higher education in geography 

 



表 Y04 

 

Figure 4. A session of smart/Intelligent systems on landscape planning and design 
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