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ABSTRACT: 

 

In August 2009, Typhoon Morakot caused a record-breaking rainfall in Taiwan. The heavy rainfall triggered thousands of landslides, 

in particular in the central-southern part of the island. Large landslides can block rivers and can lead to the formation of landslide-

dammed lakes. Cascading hazards like floods and debris flows after landslide dam breaches pose a high risk for people and 

infrastructure downstream. Thus, better knowledge about landslides that significantly impact the channel system and about the resulting 

landslide-dammed lakes are key elements for assessing the direct and indirect hazards caused by the moving mass. The main objectives 

of this study are 1) to develop an object-based image analysis (OBIA) approach for semi-automated detection of landslides that caused 

the formation of landslide-dammed lakes and 2) to monitor the evolution of landslide-dammed lakes based on Landsat imagery. For 

landslide and lake mapping, primarily spectral indices and contextual information were used. By integrating morphological and 

hydrological parameters derived from a digital elevation model (DEM) into the OBIA framework, we automatically identified 

landslide-dammed lakes, and the landslides that likely caused the formation of those lakes, due to the input of large amounts of debris 

into the channel system. The proposed approach can be adapted to other remote sensing platforms and can be used to monitor the 

evolution of landslide-dammed lakes and triggering landslides at regional scale after typhoon and heavy rainstorm events within an 

efficient time range after suitable remote sensing data has been provided. 

 

 

1. INTRODUCTION 

1.1 Background 

Landslides play an important role in the evolution of landscapes 

(Guzzetti et al., 2012). They are a significant and frequent hazard 

in many areas in the world, including Taiwan. One particular 

event, Typhoon Morakot, caused a record-breaking rainfall, on 

August 9, 2009, which triggered thousands of landslides on the 

island (Tsou et al., 2011). Among them, the Xiaolin landslide, a 

large deep-seated landslide in southern-central Taiwan, which 

also  dammed the river leading to the formation of a landslide-

dammed lake (Wu et al., 2014).  

Earth Observation (EO) data provides a unique possibility to 

detect and monitor landslides and landslide-dammed lakes from 

space (Cigna, 2018; Delaney and Evans, 2015). However, there 

is a need for methods and algorithms to efficiently extract a 

maximum of information from the enormous amount of available 

EO imagery.  

The main objectives of this study are: 1) to semi-automatically 

detect landslides that caused landslide-dammed lakes, using 

object-based image analysis (OBIA), and 2) to monitor the 

evolution of landslide-dammed lakes using EO imagery.  

 

1.2 Landslide-Dammed Lakes 

Landslide-dammed lakes are a type of watercourse obstruction in 

steep mountain environments, caused by a landslide event (Wang 

et al., 2019). Depending on the dam resistance, landslide-

dammed lakes might drain rapidly and trigger catastrophic debris 

flows and floods, or might be stable for many years (Liu et al., 

2015). Landslides are mostly induced by heavy rainfall, 

earthquakes, and ice-snowmelt (Costa and Schuster, 1987).  

Taiwan is particularly prone to landslides given its frequent 

rainfall and earthquake events (Hsu and Hsu, 2009; Wu et al., 

2014). As a consequence, several studies of landslide-dammed 

lakes have been conducted in different regions on the island like 

Tsaoling (Hsu and Hsu, 2009) and Chiufengershan (Shou and 

Wang, 2003). Chen et al. (2014) collected data on landslide-

induced dams in Taiwan and identified 35 landslide dams caused 

by rainfall, 23 landslide dams caused by earthquakes and six 

cases where the failure mechanism could not be classified.  

Thus, better knowledge of the distribution and evolution of 

landslide-dammed lakes is crucial to understand the associated 

processes which cause them (Bury et al., 2013), as well as for 

emergency response (Bolch et al., 2008; Emmer et al., 2016).  

 

1.3 Object-based Image Analysis 

EO data has great potential for mapping, monitoring and analysis 

of landslides (cf. Casagli et al., 2016; Scaioni et al., 2014), and  

landslide-dammed lakes (Dong et al., 2014; Huggel et al., 2002; 

Tofani et al., 2013). Object-based image analysis (OBIA) has 

emerged as a new paradigm to analyse EO imagery (Blaschke, 

2010; Blaschke et al., 2014; Chen et al., 2018). OBIA is highly 

suitable for detecting and mapping landslides from EO data by 

combining spectral, topographic, and textural features during 

image segmentation and classification (Hölbling et al., 2017; 

Martha et al., 2010; Stumpf and Kerle, 2011).  
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Such a semi-automated approach can complement and improve 

existing approaches, combined with a degree of manual 

interpretation (Hölbling et al., 2016). Several studies have 

applied OBIA for landslide mapping in Taiwan (e.g. Eisank et 

al., 2014; Hölbling et al., 2015; Lahousse et al., 2011; Rau et al., 

2012), however, none investigated the relationship between 

landslides and the channel system. 

 

2. STUDY AREA AND DATA 

2.1 Study Area 

The study area is located in the south-central part of Taiwan. The 

area of interest mainly covers the mountainous parts of the 

Kaohsiung county (i.e. the northern part of the county). We 

slightly expanded the administrative boundary of the county to 

include a north-eastern watershed (Figure 1). Landslides strongly 

affect this area, especially after Typhoon Morakot, and 

potentially block rivers and thus lead to the formation of 

landslide-dammed lakes. 

 
Figure 1. Study area in the south-central part of Taiwan. 

 

2.2 Data 

We used three Landsat 5 images acquired in the years after 

Typhoon Morakot and the ALOS PALSAR DEM (© JAXA; 

Table 1). 

 

Sensor 
Acquisition 

date 

Spatial 

resolution (m) 

Landsat 5 2011/02/06 30 

Landsat 5 2010/12/20 30 

Landsat 5 2009/10/30 30 

ALOS PALSAR DEM 2007-2010 12.5 

Table 1. Data used in this study.  

 

3. METHODS 

Figure 2 shows the workflow for object-based detection of 

landslide-dammed lakes and landslides. Part (a) illustrates the 

DEM processing to extract surface and hydrological parameters. 

Part (b) illustrates the workflow for processing and analysis of 

Landsat images. 

 

3.1.1 Data Pre-processing 

 

After mosaicking the digital elevation model (DEM), we derived 

1) surface parameters, such as slope, aspect, and curvature, and 

2) hydrological related parameters, such as flow-direction, flow-

accumulation, stream order, and basin.  

 
Figure 2. General methodological workflow.  

We calibrated the Landsat images using the “apparent reflectance 

function” implemented in ArcGIS v.10.7. The calibration 

function uses data acquisition and sun elevation information, as 

well as radiance gain and bias, and sun irradiance for each band.  

The following spectral indices were derived from the pre-

processed Landsat data and served as additional information 

layers during classification: 1) Normalized Difference Water 

Index (NDWI), 2) Normalized Difference Vegetation Index 

(NDVI), and 3) a brightness layer, defined as the mean of all 

spectral bands. 

 

3.1.2 Semi-automated Feature Extraction using OBIA 

 

For the OBIA rule-based feature extraction, we used the 

eCognition 9.4 (Trimble Geospatial) software. The three main 

steps for semi-automated detection of landslide-dammed lakes 

and triggering landslides included: 

1. Creating spectral indices (NDWI, NDVI, brightness) 

2. Multiresolution segmentation 

3. Rule-based feature extraction 

 

The multiresolution segmentation (Baatz and Schäpe, 2000) is a 

region growing algorithm, where the size and the shape of each 

segment is defined by the so-called scale parameter (SP). In this 

study, we set the SP to 10, and kept the default settings for the 

rest of the parameters. We defined five classes, with specific 

criteria applied for classification: 

1. Shadow (extracted by defining thresholds using terrain 

slope and brightness) 

2. Landslide-dammed lakes (extracted by defining a 

threshold using the NDWI) 

3. Large river beds (extracted by defining thresholds using 

the NDWI and flow accumulation) 

4. Landslide candidates (extracted by defining thresholds 

using the NDVI and the blue band). 

5. Triggering landslides of dammed lakes (extracted using 

spatial relations to the class “landslide-dammed lakes”) 

 

The assumption for defining the class “triggering landslides” was 

that the nearest landslide downstream of the detected landslide-

dammed lake had the highest probably to cause it. Therefore, we 

generated spatial relations to the class landslide-dammed lakes, 

using the “distance map” algorithm implemented in the 

eCognition software. The layer contains the distance of pixels to 

objects of a selected class, using a flood-filtering algorithm. The 

triggering landslides were then extracted with a threshold. We 

applied the above-mentioned processes to all three Landsat 

images (Table 1).  
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4. RESULTS  

4.1 Landslide-dammed lakes and triggering landslides 

We conducted a visual inspection for possible classification 

errors, whereby only small misclassifications (mostly in 

shadowed areas) were identified. Further, we compared the 

results to a reference dataset, created based on literature and 

visual interpretation, showing the location of dammed lakes and 

triggering landslides. Table 2 illustrates the number of landslide-

dammed lakes and their triggering landslides extracted for each 

year.  

 

Landsat 

image 

No. of landslide-

dammed lakes 

No. of triggering 

landslides 

 Reference Detected Reference Detected 

2009/10/30 3 2 3 3 

2010/12/20 5 4 5 4 

2011/02/06 4 3 4 4 

Table 2. Reference and detected landslide-dammed lakes and 

the landslides that most probably formed the dams.  

 

As shown in Table 2, for the year 2009 we automatically 

extracted two landslide-dammed lakes out of three, for the year 

2010 four landslide-dammed lakes out of five, and for the year 

2011 three landslide-dammed lakes out of four. As for the 

triggering landslides, apart from one in the year 2010, all other 

landslides that led to the formation of a dammed lake were 

correctly detected. 

 

4.2 Analysis of changes for dammed lakes and triggering 

landslides 

Figures 3 illustrates the results of the semi-automated feature 

extraction for all three Landsat images, while Table 3 lists the 

landslide-dammed lakes appearance and/or disappearance for 

each year, along with their corresponding areas.  

 

ID 
Landslide-

dammed lake 
Year Area (m2) 

1 

 

2009 250,313 

2010 237,187 

2011 276,875 

2 

 

2009 40,313 

2010 20,468 

2011 Disappeared 

3 

 

2009 10,000 

2010 18,437 

2011 9,375 

4 

 

2009 no lake 

2010 187,656 

2011 217,968 

5 * 

 

2009 no lake 

2010 12,343 

2011 9,375 

Table 3. Landslide-dammed lakes detected using semi-

automated feature extraction. * The triggering landslide for this 

landslide-dammed lake was not detected on 2010 (false negative 

in Table 2), however, it was detected on the 2011 image. 

 

Figure 3. Illustration of the feature extraction results for the 

Landsat images from a) 2009/10/30, b) 2010/12/20, and c) 

2011/02/06.  

Three landslide-dammed lakes were identified in the Landsat 

image captured on 2009/10/30. A year later, on 2010/12/20 a new 

landslide-dammed lake appeared in the southern part of the 

shown subset, which was caused by the Butangbunasi landslide 

(cf. Hölbling et al., 2019). Another year later, on 2011/02/06, 

another small landslide-dammed lake appeared (also in the 

southern part of the shown subset), and the landslide-dammed 

lake in the north-east part disappeared. 

a) 

b) 

c) 

Lake 
Landslide candidate 
Large river bed with 
debris accumulation 
Triggering landslide 

Image spectral bands 

Red:    NIR-1 
Green: Green 
Blue:   Blue 
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Figure 4 shows the trend in area changes for each landslide-

dammed lake. The area of the landslide-dammed lakes ID-1 and 

ID-4 increased. All the other landslide-dammed lakes showed a 

decline in their coverage area during the three investigated years.  

 
Figure 4. Changes in mapped area for each landslide-dammed 

lake during three successive years, 2009, 2010, and 2011. The 

IDs (1 to 5) are the same as the IDs in Table 3. 

5. DISCUSSION  

The classification results for landslide-dammed lakes and 

triggering landslides were used for analysis of changes during the 

three successive years. The results of change analysis showed 

that the large landslide-dammed lake in the upper-right of the 

image subset (ID-1) increased in size; the landslide-dammed lake 

with ID-4 appeared first in 2010, and its area increased in the year 

2011. The landslide-dammed lake with ID-2 disappeared on the 

image acquired on 2011. The landslide-dammed lake with ID-5 

was first detected in the year 2010, and its area showed a decline 

in the year 2011.  

In general, we were able to extract the features of interest from 

all three Landsat images. However, because the images were 

taken at different times and under different illumination 

conditions, it was not possible to use unique thresholds for 

extracting the different classes from each Landsat image. 

Therefore, we set the classification thresholds for each image 

independently. The landslide-dammed lakes and their triggering 

landslides were successfully detected and extracted to a large 

extent. However, further work should be done to improve the 

exact delineation of triggering landslides to be able to draw 

further conclusions on the characteristics of landslides that 

impact the channel system. The transferability of this method 

needs to be closer investigated in future works. 

 

6. CONCLUSIONS 

In this research, we semi-automatically detected landslide-

dammed lakes and their triggering landslides using OBIA. 

Feature extraction relied on: a) surface parameters derived from 

a DEM, such as slope and curvature, b) hydrological parameters 

derived from a DEM, such as flow accumulation and basin, c) 

spectral indices, such as NDVI, NDWI and brightness(calculated 

separately for each year), and d) spectral information from 

Landsat 5 imagery for three successive years (2009/10/30, 

2010/12/20, and 2011/02/06). Five classes were identified and 

extracted, namely: shadow, landslide-dammed lakes, landslide 

candidates, large river beds, and triggering landslides. 

Better knowledge of the evolution of landslide-dammed lakes 

and their triggering factors are important key elements for hazard 

assessments (Ermini et al., 2006). The availability of EO data 

offer new opportunities for mapping and monitoring of such 

natural hazards (Cigna, 2018). However, to explore the value of 

these enormous amounts of data and to enhance time-series 

analyses, efficient methods are needed. In this research, we 

presented an approach for semi-automated mapping and 

monitoring of landslide-dammed lakes and detection of their 

triggering landslides. We showed that OBIA is a suitable method 

to map and monitor the evolution of landslide-dammed lakes and 

to identify their triggering landslides. The results highlight the 

suitability of our approach to monitor the evolution of landslide-

dammed lakes on freely available satellite imagery with global 

coverage. 
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