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ABSTRACT 

Landslides are one of the most destructive disasters that cause damage to both 

property and life every year. Various methodologies have been reported for landslide 

susceptibility mapping. Statistical methods are widely used to fit the mathematical 

relationship between observed landslides and the factors considered to influence the slope 

failure, and have shown remarkable accuracy. Among these models, frequency ratio and 

logistic regression models are the most popular for its simplicity and high accuracy. 

However, virtually all previous studies randomly extracted and reserved a portion of 

historical landslide records to perform the model evaluation. The purpose of this study are: 

1) To produce a landslide susceptibility map for Lantau Island by GIS and remote sensing 

methods as well as statistical modeling techniques 2) To add extra value to the literature 

of evaluating their “prediction rate” (rather than “success rate”) for landslide 

susceptibility mapping in a temporal context. 

The mountainous terrain, heavy and prolonged rainfall, as well as dense 

development near steep hillsides make Hong Kong as one of the most vulnerable 

metropolitans to the risk of landslides. As there is an increasingly high demand for land 

resource to support the growth of economic and population, regional specific landslide 

susceptibility assessment in Hong Kong is necessary for hazard management and 

effective land use planning.  

Firstly, the spatial relationship among landslide occurrence and nine causative 

factors (elevation, slope aspect, slope gradient, plan curvature, profile curvature, NDVI, 

distance to river, SPI and lithology) were explored. The distribution of landslides on 

Lantau Island is largely governed by a combination of geo-environmental conditions, 

such as elevation of 200m-300m, slope gradient of 25°-35°, slope aspect of west or 

northwest, high degree of positive or negative plan curvature and profile curvature, sparse 

vegetation in terms of NDVI in 0.3-0.5 (shrub/grassland), proximity (0.6-1.2km) to fault 
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line, presence of volcanic bedrocks (especially rhyolite lava and tuff) and high stream 

power index.  

Second, landslide susceptibility maps were generated by frequency ratio and 

logistic regression model, respectively. Validations of the mapping results were 

performed by calculating relative operating characteristics (ROC). The models, trained by 

1,864 (70%) landslides records in the Enhanced Natural Terrain Landslide Inventory 

(ENTLI) from 2000 to 2008, were validated by subsequent 799 (30%) landslide occurred 

from 2008 to 2009. The validation result shows that logistic regression model (88.70%) 

possesses a better prediction power than frequency ratio model (78.00%) for the study 

area.  

The findings suggested that logistic regression analysis is more reliable for 

landslide susceptibility mapping. The resultant maps are expected to provide a scientific 

assessment of the risk areas with respect to landslides on Lantau Island, and to serve as a 

basis for decisions or justification of the Lantau development planning. 

 

Keywords: landslide susceptibility; frequency ratio; logistic regression; temporal 

verification; GIS; Hong Kong  



iv 

 

ACKNOWLEDGMENT 

This research had been supported by contributions of many peoples and 

institutions. Support had come in many different ways and each input helped to bring this 

research to be completed on time.  

First I would like to express my sincere gratitude to my supervisor, Prof. Qiming 

Zhou, for his valuable guidance, encouragements and constant support throughout the 

whole study period. This research would never be accomplished without his attentive 

support. I could not have imagined having a better advisor and mentor for my MPhil 

study. 

My appreciation also goes to all faculty and staff members in the HKBU, for 

their support and guidance, especially my co-supervisor Prof. Donggen Wang, as well as 

Prof. Adrian Bailey, Prof. R. B. Owen, Prof. Patrick Lau, Dr. Daphne Mah and Dr. Jun 

Liu. I also wish to convey my acknowledgement to the Department, Faculty and Graduate 

School of Hong Kong Baptist University for giving me scholarship and financial support 

for my postgraduate study and research activities, and creating a wonderful place for 

whole-person education. 

Thanks to all my fellow postgraduate students, Dr. Serey Sok, Mr. Bo Sun, Mr. 

Tao Lin, Ms. Tianlan Fu and Mr. Tze Wa Hui, who have created a friendly atmosphere 

and are always willing to share their scientific abilities and insights with me. Special 

appreciation goes to Mr. Fenglong Wang for providing technical support for statistical 

software.  

I am extremely grateful to my parents and grandma for their dedication and many 

years of support. They are always encouraging me in every decision I made in my life 

that led me to this place. I owe a lot to my aunt’s family, for their care during I stay in 

Hong Kong. 



v 

 

I am also thankful to the Geotechnical Engineering Office, Civil Engineering and 

Development Department, Government of HKSAR for providing the Enhanced Natural 

Terrain Landslide Inventory (ENTLI) database. 

Finally, I would like to thank my fiancée for her understanding and love during 

the past two years. Her thoughtfulness and encouragement was in the end what made this 

thesis possible. 



vi 

 

TABLE OF CONTENTS 

 

Declaration ............................................................................................................. i 

Abstract…. ............................................................................................................. ii 

Acknowledgment .................................................................................................. iv 

Table of Contents ................................................................................................. vi 

List of Tables ........................................................................................................ ix 

List of Figures ......................................................................................................... x 

List of Abbreviations .......................................................................................... xii 

Chapter 1 Introduction ........................................................................................ 1 

1.1 Background .......................................................................................... 1 

1.1.1 Landslide .............................................................................................. 1 

1.1.2 Landslide susceptibility mapping ........................................................ 2 

1.2 Research questions ............................................................................... 3 

1.3 Research objectives .............................................................................. 4 

1.4 Delimitations ........................................................................................ 4 

1.5 Thesis outline ....................................................................................... 5 

Chapter 2 Literature review................................................................................ 6 

2.1 Landslide disaster studies in Hong Kong ............................................. 6 

2.2 Landslide early warning system in Hong Kong ................................... 8 

2.3 Techniques for landslide susceptibility mapping ................................. 9 

2.3.1 Mapping the landslide susceptibility.................................................... 9 

2.3.2 Validation and evaluation of mapping result ..................................... 13 

2.4 Summary ............................................................................................ 14 



vii 

 

Chapter 3 Study Area ........................................................................................ 16 

3.1 Location and geographical environment ............................................ 16 

3.2 Rainfall-induced landslide ................................................................. 17 

Chapter 4 Data Aquisition & Preprocessing ................................................... 20 

4.1 Landslide inventory ........................................................................... 20 

4.2 Causative factors ................................................................................ 21 

4.2.1 Elevation ............................................................................................ 21 

4.2.2 Slope gradient .................................................................................... 22 

4.2.3 Slope aspect ....................................................................................... 23 

4.2.4 Plan curvature .................................................................................... 24 

4.2.5 Profile curvature ................................................................................. 26 

4.2.6 NDVI .................................................................................................. 28 

4.2.7 Lithology ............................................................................................ 29 

4.2.8 Distance to fault ................................................................................. 31 

4.2.9 Stream Power Index (SPI).................................................................. 32 

4.3 Summary ............................................................................................ 33 

Chapter 5 Methodology ..................................................................................... 35 

5.1 Flow chart of the study ...................................................................... 35 

5.2 Frequency ratio model ....................................................................... 36 

5.3 Logistic regression model .................................................................. 36 

5.4 Summary ............................................................................................ 39 

Chapter 6 Result ................................................................................................. 40 

6.1 Landslide distribution characteristic .................................................. 40 

6.1.1 Elevation ............................................................................................ 40 

6.1.2 Slope gradient .................................................................................... 41 

6.1.3 Slope aspect ....................................................................................... 43 



viii 

 

6.1.4 Plan curvature .................................................................................... 44 

6.1.5 Profile curvature ................................................................................. 46 

6.1.6 NDVI .................................................................................................. 47 

6.1.7 Lithology ............................................................................................ 48 

6.1.8 Distance to fault ................................................................................. 51 

6.1.9 Stream Power Index (SPI).................................................................. 52 

6.2 Frequency ratio analysis .................................................................... 54 

6.3 Logistic regression analysis ............................................................... 57 

6.3.1 Multicollinearity diagnosis ................................................................ 57 

6.3.2 Logistic regression analysis ............................................................... 58 

6.4 Summary ............................................................................................ 63 

Chapter 7 Discussion .......................................................................................... 65 

7.1 Model evaluation ............................................................................... 65 

7.2 Model selection for landslide susceptibility analysis ......................... 68 

7.3 Data for landslide susceptibility analysis ........................................... 69 

7.4 Recommendations .............................................................................. 71 

Chapter 8 Conclusion ........................................................................................ 73 

8.1 Summary of research ......................................................................... 73 

8.2 Contribution to knowledge................................................................. 74 

8.3 Future work ........................................................................................ 75 

References… ......................................................................................................... 77 

Curriculum Vitae ............................................................................................... 102 

 

 



ix 

 

LIST OF TABLES 

Table 4-1. Landslide record partitioning for temporal verification ....................... 20 

Table 4-2. Detail of causative layer and source ..................................................... 21 

Table 4-3. Lithological groups and detail rock types ............................................ 30 

Table 6-1. Landslide distribution according to elevation classes .......................... 41 

Table 6-2. Landslide distribution according to slope gradient classes .................. 42 

Table 6-3. Landslide distribution according to slope aspect classes ..................... 44 

Table 6-4. Landslide distribution according to plan curvature classes .................. 45 

Table 6-5. Landslide distribution according to profile curvature classes .............. 47 

Table 6-6. Landslide distribution according to NDVI classes ............................... 48 

Table 6-7. Landslide distribution according to lithology classes .......................... 50 

Table 6-8. Landslide distribution according to distance to distance to fault classes

 ............................................................................................................. 51 

Table 6-9. Landslide distribution according to Stream Power Index (SPI) classes

 ............................................................................................................. 53 

Table 6-10. Class with the highest frequency ratio in respective factors .............. 54 

Table 6-11. Multicollinearity diagnosis for independent variables used in the 

analysis ................................................................................................ 58 

Table 6-12. Coefficients of logistic regression of each causative factor 

(independent variable) ........................................................................ 59 

Table 6-13. Probability of different landslide susceptibility zones ....................... 63 

Table 7-1. Predictive rate of subsequent landslides by landslide susceptibility 

index rank ............................................................................................ 67 



x 

 

LIST OF FIGURES 

Figure 2-1. A landslip warning issued by Hong Kong Observatory at official iOS 

app “My Observatory” .......................................................................... 9 

Figure 3-1. Location map and landslide inventory of study area .......................... 17 

Figure 3-2. Landslide occurrence in Lantau Island and annual rainfall of Hong 

Kong (2000-2009) ............................................................................... 18 

Figure 3-3. Landslides in North Lantau Island (a) and Tai O (b), June 2008 ........ 19 

Figure 4-1. Elevation of Lantau Island .................................................................. 22 

Figure 4-2. Slope gradient of Lantau Island .......................................................... 23 

Figure 4-3. Slope aspect of Lantau Island ............................................................. 24 

Figure 4-4. Plan curvature ..................................................................................... 25 

Figure 4-5. Plan curvature of Lantau Island .......................................................... 26 

Figure 4-6. Profile curvature .................................................................................. 27 

Figure 4-7. Profile curvature of Lantau Island ...................................................... 27 

Figure 4-8. NDVI of Lantau Island ....................................................................... 29 

Figure 4-9. Lithology of Lantau Island .................................................................. 31 

Figure 4-10. Distance to fault of Lantau Island ..................................................... 32 

Figure 4-11. Stream Power Index (SPI) of Lantau Island ..................................... 33 

Figure 6-1. Landslide distribution percentage and frequency ratio in elevation 

ranges .................................................................................................. 41 

Figure 6-2. Landslide distribution percentage and frequency ratio in slope gradient 

ranges .................................................................................................. 43 

Figure 6-3. Landslide distribution percentage and frequency ratio of different 

slope aspects ........................................................................................ 44 

Figure 6-4. Landslide distribution percentage and frequency ratio in plan 

curvature ranges .................................................................................. 46 

Figure 6-5. Landslide distribution percentage and frequency ratio in profile 

curvature ranges .................................................................................. 47 



xi 

 

Figure 6-6. Landslide distribution percentage and frequency ratio in NDVI ranges

 ............................................................................................................. 48 

Figure 6-7. Landslide distribution percentage and frequency ratio of different 

rocks .................................................................................................... 49 

Figure 6-8. Landslide distribution percentage and frequency ratio of distance to 

fault ranges .......................................................................................... 52 

Figure 6-9. Landslide frequency ratio of SPI ranges ............................................. 53 

Figure 6-10. Landslide susceptibility map by frequency ratio model ................... 56 

Figure 6-11. Class breaks for landslide susceptibility index by frequency ratio 

analysis ................................................................................................ 57 

Figure 6-12. Landslide susceptibility map by logistic regression model .............. 62 

Figure 7-1. ROC plots for the susceptibility maps by logistic regression and 

frequency ratio .................................................................................... 66 

 

 

  



xii 

 

LIST OF ABBREVIATIONS 

AUC Area Under the Curve 

CEDD Civil Engineering and Development Department (Hong Kong) 

DEM Digital Elevation Model 

GEO Geotechnical Engineering Office (Hong Kong) 

GIS Geographical Information Science 

GPS Global Positioning System 

HKSAR Hong Kong Special Administrative Region 

LiDAR Light Detection and Ranging 

NDVI Normalized Difference Vegetation Index 

RS Remote Sensing 

ROC Receiver Operating Characteristic 

SAR Synthetic Aperture Radar 

SPI Stream Power Index 

SVM Support Vector Machine 

TM Thematic Mapper 



1 

 

CHAPTER 1 INTRODUCTION 

1.1 Background 

Natural disasters have significantly increased over the last decades, among which 

landslide is one of the most disastrous. Globally, landslide disasters accounting for 

approximately 9% of the natural disasters and cost thousands of deaths and billions of 

USD in property damage every year. According to the Durham Fatal Landslide Database, 

there were around 44,000 fatalities due to mass movement between 2002 and 2007 

(Petley 2009). The situation is exacerbated by intensifying urbanization and deforestation 

in landslide-prone area, as well as increase variation of precipitation due to global climate 

change. 

1.1.1 Landslide 

Landslide, defined as the mass movement of rock, debris or earth down a slope, 

results in a geomorphic makeover of the Earth’s surface (Cruden 1991). Landslides are a 

sign of slope instability which is defined as the “propensity for a slope to undergo 

morphologically and structurally disruptive landslide processes”(Glade and Crozier 2005). 

It could be manifested in different and combinations of various forms, including rockfalls, 

rockslides, debris flow, soil slips, rock avalanches and mud-flows (Chau et al. 2004). 

Readers are referred to Varnes (1978) where a detail classification of landslides were 

established. As Jones (1995) suggested, landslide could be concentrated in five major 

types of terrain: 

 Upland areas subject to seismic shaking 

 Mountainous environments with high relative relief 

 Areas of moderate relief suffering severe land degradation 

 Areas with intensive rainfall 
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 Areas with thick deposits of fine-grained materials 

Landslide can be triggered by various natural external stimuli, such as intense 

and/or prolonged rainfall, earthquake, volcano eruption, snowmelt (Smith 2009), among 

which, intense rainfall is the most important trigger in both shallow and deep-seated 

landslides (Crosta and Frattini 2008). This process is especially distinctive in humid 

tropical/sub-tropical areas. Nevertheless, if human intervention is present, the interactions 

and feedbacks will become even more complex. Some damaging landslides occur due 

human disturbance, including land use changes, deforestation, excavation, changes in the 

slope profile or irrigation and overall, human activities play an increasing role in the 

causation of this hazard (Guzzetti et al. 2005; Smith 2009).  

Social and economic losses due to landslides can be reduced or mitigated by 

effective land use planning and management. As it causes extensive property and human 

life loss globally, it is necessary to assess future landslides hazard in vulnerable areas to 

avoid or mitigate potential damage. Occurrence of shallow landslides depends on local 

terrain conditions, such as slope-forming materials, topography, groundwater (rainfall-

runoff process), and land cover; while the triggering factors, such as intense rainfall or 

earthquakes, modify those characteristics and cause slope failure (Soeters and Van 

Westen 1996). Therefore, it is crucial to assess and predict landslide-susceptible areas, 

analyzing records from past landslides in association with landslide-related factors 

provides possible solution for this task (Saro Lee 2013). 

1.1.2 Landslide susceptibility mapping 

Mass movement investigations could be conducted either on site-specific basis 

(i.e. individual slope) or regional-scale evaluation. With the development of GIS and 

remote sensing technology, there has been a shift in emphasis occurred from local studies 

of single events or landslide to regional and synoptic assessment of regional susceptibility 

or risk. Varnes (1984) stated that landslide susceptibility refers to the likelihood of a 

landslide occurring in an area due to local terrain conditions, and it does not consider the 
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probability of occurrence which depends also on the recurrence of triggering factors. 

Ercanoglu (2008) further defined its mapping as a quantitative or qualitative assessment 

of the classification, volume (or area), and spatial distribution of landslides which exist or 

potentially may occur in an area.  In recent years, landslide hazard assessment has played 

an important role in developing land utilization regulations aimed at minimizing the loss 

of lives and damage to property (Wang et al. 2005). Landslide zoning are often not 

precisely define, and there is a general trend that the terms of landslide hazard and 

landslide susceptibility have been used in an interchangeable manner in the literature 

(Kamp et al. 2008), but hazard normally includes magnitude and frequency whereas 

susceptibility usually does not (Fell et al. 2008). To sum up, landslide susceptibility map 

denotes areas ranked according to the tendency of landslides based on local conditions, 

yet the temporal probability is not considered. It provides fundamental information for 

hazard assessment. When surrounding area is identifies as moderately or highly 

susceptible, a more detail geotechnical investigation should be conducted to further assess 

the risk prior to commencing construction or development.  

The increasing awareness of socio-enonomic impacts as well as pressure of 

urbanization has facilitaed the monitoring and analysis study (D. P. Kanungo et al. 2006). 

The available methods of landslide susceptibility mapping can be grouped into five main 

categories (Guzzetti et al. 2005): (1) direct geomorphological mapping, (2) analysis of 

landslide inventories, (3) heuristic or index-based methods, (4) statistical methods, 

including neural networks, fuzzy logic and expert systems, and (5) process-based 

conceptual models. Readers are referred to Section 2.3 where a detail literature review is 

provided. 

1.2 Research questions 

This research attempts to address the following questions: 
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(1) What are the spatial distribution characteristics of landslides in Lantau Island, 

Hong Kong? 

(2) Where is the very high, high, moderate, low and very low susceptibility area 

of landslide occurrence in Lantau Island, Hong Kong? 

(3) How is the performance of frequency ratio model and logistic regression 

model applied in landslide susceptibility mapping under a temporal context? 

1.3 Research objectives 

In light of the above discussion, there are four objectives of this research:  

(1) To further characterize the relationship among landslide occurrence and 

causative factors in Lautau Island, Hong Kong;  

(2) To produce a landslide susceptibility map for Lantau Island by GIS and 

remote sensing technology as well as statistical modeling techniques;  

(3) To add extra value for literature of the landslide susceptibility mapping as a 

comparative study of logistic regression and frequency ratio model by evaluating their 

‘prediction rate’ (rather than ‘success rate’) in a temporal context (C.-J. F. Chung and 

Fabbri 2003);  

(4) To assist in the reduction of landslide hazard and proper land use planning for 

future development of Hong Kong. 

1.4 Delimitations 

My study will examine only the rainfall-induced landslide on natural terrain, 

landslide in man-made slope will not be included civil, as engineering techniques is more 

capable in assessing the risk of landslide on man-made slope. My study will also be 

confined to assessing the landslide susceptibility of Lantau Island, which could be 

inferred as the probability of slope failure. At this moment, the hazard of potential 

landslides and the temporal probability, which must take into account the element at risk 
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(e.g. infrastructure or population) and recurrence and intensity of triggering factor (e.g. 

rainfall), is beyond the scope of the current research. 

1.5 Thesis outline 

The thesis aims at demonstrating a systematic comparative study of two popular 

landslide susceptibility mapping techniques, taken the study area of Lantau Island, Hong 

Kong as an example. Chapter 1 briefly introduces the current knowledge of landslide and 

landslide susceptibility mapping. They are further elaborated by a comprehensive review 

on the current situation of landslide hazard studies and early warning in Hong Kong and 

landslide susceptibility mapping techniques in Chapter 2. The location, basic 

geographical characteristic and rainfall-induced landslide of the study area Lantau Island, 

Hong Kong, are described in Chapter 3. The data used within this study and their 

preprocessing techniques are described in Chapter 4. Chapter 5 illustrates the 

methodologies applied in this study in detail. Therein, the procedure of data analysis and 

the subsequent development of landslide susceptibility models are explained. Results of 

this research, followed by the model validations are illustrated and analyzed in Chapter 6. 

Chapter 7 discusses on the interpretation of the result, the limitation of this study and 

recommendation for further study. The thesis ends with a concluding remark in Chapter 8 

where the research questions are addressed.  
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CHAPTER 2 LITERATURE REVIEW 

In this literature review, I will first briefly introduce the current situation of 

landslide disaster study and forecasting efforts in Hong Kong. Then I will thoroughly 

examine and compare the major techniques utilized for landslide susceptibility mapping. 

After that, I will explain the reason why landslide susceptibility mapping is of particular 

important for Lantau Island and Hong Kong, as well as the necessity of comparing two 

popular models in a temporal perspective.  

2.1 Landslide disaster studies in Hong Kong 

Hong Kong is an international metropolitan with a population of over seven 

millions and a leading economy in Asia-Pacific region. However, among the total land 

area of about 1,100 km
2
, some 63% of the land is steeper than 15° and 30% steeper than 

30° (K. Y. Choi and Cheung 2013). This results in much urban development being 

located over or near to steep hillside, leaving about 70% (680km
2
) of the land mass is 

mountainous natural terrain (Cheung, Wong, and Yeung 2006). For a very long time, 

Hong Kong is highly vulnerable to rainfall-induced landslide caused by frequent 

thunderstorms and occasional typhoons, which had caused widespread damage and many 

casualties, along with significant economic losses and social disruption (Wong et al. 2011; 

Au 1998; K. Y. Choi and Cheung 2013). According to the Enhanced Natural Terrain 

Landslide Inventory (ENTLI) by the Geotechnical Engineering Office, a total of 28,751 

landslides have been recorded on natural slopes during 1924 to 2009.  

For Hong Kong, slope failure mechanism research aiming at protecting specific 

sites using civil engineering techniques are predominant (Parry 2011; Parry, Ruse, and 

Ng 2006) and have sustained over the past 35 years, while the investigation from a 

broader regional scope are still yet to be fully examined.  
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Lee et al. (2001), Dai and Lee (2002a) and Dai and Lee (2002b) initially 

examined the physical characteristics of landslides and the statistical relations with the 

physical parameters for Lantau Island, Hong Kong. Landslide susceptibility maps were 

derived by logistic regression model yet without rigorous accuracy assessment. In 

addition, essential environmental factors such as NDVI and the distance to fault were not 

included in the analysis. Zhou et al. (2002) analyzed the spatial relationship between 

landslides and causative factors on Lantau Island using GIS and provided basis for 

regional landslide prediction. Dai and Lee (2003) and Dai, Lee, and Wang (2003) 

analyzed the characteristic of rainfall induced landslide, and demonstrated the modeling 

of storm-induced landslide hazard in a small study area on Lantau Island in temporal 

scale and event-based scenario. Chau et al (2004) analyzed the landslide hazard for Hong 

Kong Island by assigning different weights to different environmental factors by expert 

opinion. However, it failed to avoid the subjective and potential bias. Chau and Chan 

(2005) also pointed out that the historical landslide data may be bias in Hong Kong Island 

and affected by human activities and geological settings. Yao et al. (2008) later analyzed 

the landslide susceptibility of a selected study area in New Territories, Hong Kong based 

on Support Vector Machine (SVM) and logistic regression. However, the complexity of 

the SVM is not justified by the very slight model improvement.  

On the other hand, there is an increasingly high demand for land resource to 

support the growth of economic and population in Hong Kong. While engineering 

measures are effective in landslide protection, there is a pressing need for planning 

legislation to limit the new development on susceptible slopes. According to the latest 

Policy Address by the Hong Kong Special Administrative Government, when the Hong 

Kong-Zhuhai-Macao Bridge and Tuen Mun-Chek Lap Kok Link are completed in 2016 

and 2018 respectively, Lantau will become another essential connecting point among 

Hong Kong, Macao and the western Pearl River Delta. This will bring fundamental 

change to Lantau's functions and greatly enhance development potential.  
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The enhancement of urbanization, the building of new residential/business area 

and infrastructure such as new highways, immigration checkpoint and railway in Lantau 

Island, will amplify the negative consequences of landslide occurrences. However, a 

series of large scale future development schemes and visions would never be justified 

with a detail landslide susceptibility and risk assessment.  The study presented here builds 

upon these previous efforts presented in section 2.1 and attempts to develop a landslide 

susceptibility zonation for the whole territory of Lantau Island, Hong Kong. 

2.2 Landslide early warning system in Hong Kong 

In 2008, the Hong Kong Government commenced a 10-year program of assessing 

natural slopes potentially affecting existing developments (Parry 2011), and the 

government spends HK$25,000,000 (approx. US$3.22M) annually for landslide studies 

and remedial work over a mere 1,090km
2
 of land area (Nichol and Wong 2005a). Among 

these efforts, the Geotechnical Engineering Office (GEO) and the Hong Kong 

Observatory (HKO) jointly operate the Landslip Warning System to alert the public to the 

landslide danger during periods of heavy rainfall (Geotchnical Engineering Office 2009) 

(Figure 2-1). The GEO and HKO jointly operate rainfall gauge system for 110 automatic 

and real time rain fall gauges in Hong Kong. The issue of the warning is considered based 

on the size of area receiving heavy rainfall (21-hour accumulation and 3-hour forecast), 

the rainfall intensity, together with a model between landslide frequency and rainfall. 

Each year, on average, approximately 300 to 400 landslides are reported to the 

Geotechnical Engineering Office (GEO) and the Landslip Warning is issued about three 

times (Geotchnical Engineering Office 2009). 

While the effectiveness of the slope safety system was manifested by the 

declining trend of fatalities due to landslides over the past decades, the issuance of the 

warning has largely neglected the environmental settings of different region in Hong 

Kong (Not specific to different regions), as the physical relationship between landslide 
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and causative factors are not entirely straight forward and vary considerably across the 

territory.  Full advantage, with the aid of GIS and remote sensing techniques, is yet to be 

taken of the predictive possibilities of landslide simulation and prediction models. 

Therefore, there is an urgent need for a regional-specific landslide hazard assessment for 

Hong Kong, in order to improve the accuracy and effectiveness in terms of time and 

space for the existing system. 

 

Figure 2-1. A landslip warning issued by Hong Kong Observatory at official iOS app 

“My Observatory”
1
 

2.3 Techniques for landslide susceptibility mapping 

2.3.1 Mapping the landslide susceptibility 

Guzzetti et al. (1999), Dai et al. (2002), Wang et al. (2005), Alexander (2008), 

Corominas and Moya (2008), and van Westen et al. (2008) are among recent state-of-art 

summaries of the theories and methodologies for landslide susceptibility assessment. The 

                                                 

1
  “MyObservatory” is a weather service application developed by the Hong Kong 

Observatory (HKO) with location based service (LBS) technology. It automatically 

displays the latest weather information from the weather station(s) closest to the user, 

including temperature, relative humidity, rainfall, wind direction, wind speed and 

webcam photo. Moreover, it also provides weather forecast and weather warning 

related information. 
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available methods of landslide susceptibility mapping can be grouped into five main 

categories (Guzzetti et al. 2005): (1) direct geomorphological mapping, (2) analysis of 

landslide inventories, (3) heuristic or index-based methods, (4) statistical methods, 

including neural networks, fuzzy logic and expert systems, and (5) process-based 

conceptual models.  They could also be distinguished as two main streams: qualitative 

(heuristic) and quantitative  approaches (Aleotti and Chowdhury 1999; Ayalew and 

Yamagishi 2005).  

Generally, qualitative approaches are based on the judgment and knowledge of 

experts. Although this heuristic method is relatively simple and cost-effective, it is not 

trivial to attain reliable results (Schleier et al. 2013; Ruff and Czurda 2008; Sarkar and 

Kanungo 2004; Magliulo, Lisio, and Russo 2009; Pandey et al. 2007; Abella Castellanos 

and Van Westen 2008; C. J. Van Westen, Rengers, and Soeters 2003; Barredo et al. 2000; 

Saha, Gupta, and Arora 2002), as much subjectivity involved when selecting the 

conditioning factors and assigning the weight. In the recent decade, new decision-support 

tools such as the analytical hierarchy process (AHP) or multi-criteria decision analysis 

were introduced and considered as semi-qualitative approaches (Park et al. 2012; Reis et 

al. 2011; Thanh and De Smedt 2011; Ali Yalcin 2008; H R Pourghasemi et al. 2012; 

Akgun and Türk 2009; Kavzoglu, Sahin, and Colkesen 2013; Feizizadeh and Blaschke 

2014; H. R. Pourghasemi, Moradi, and Fatemi Aghda 2013; Kayastha, Dhital, and De 

Smedt 2013). While the expert knowledge is essential to identify the landslide 

mechanism and contributing factors in the first place (Mathew, Jha, and Rawat 2007), 

they involve subjective judgment or rating on the relevance of causative factor, which 

tend to reduce the reproducibility and accuracy of these methods.  

Objectivity and reproductively increase by introducing the quantitative method, 

and it is further strengthened by the utilization of digital tools such as GIS, GPS and 

remote sensing for handling spatial data that offers opportunity for detail and large scale 

landslide studies (Metternicht, Hurni, and Gogu 2005; Cees J. van Westen, Castellanos, 

and Kuriakose 2008). As Goodchild (2006) observed, for the most part the GIS 



11 

 

technology plays a value-neutral role in a science that strives to adhere to principles of 

objectivity, in spite of celebrated exceptions.  It can be stated that the Geographical 

Information Science has determined, to a certain degree, the current state of the art in 

landslide hazard and risk assessment (Cees J. van Westen, Castellanos, and Kuriakose 

2008).  

The quantitative approaches generally include geotechnical engineering analysis, 

statistical analysis and artificial intelligence approaches.  

Geotechnical engineering analysis (also called deterministic approach), which 

relies on stability models, is very useful for evaluating hazard for individual slope (Cleary, 

Prakash, and Rothauge 2010; Parry 2011). However, there has been a shift in emphasis 

occurred from local studies of single events or landslide to regional and synoptic 

assessment of regional susceptibility or risk. The unavailability of detail and exhaustive 

geotechnical and groundwater data in most cases may hinder the use of this approach in 

regional-level assessment.  

Statistical methods are based on the mathematical relationship between observed 

landslides and the factors considered as controlling parameters (Guzzetti et al. 1999), and 

have consistently been demonstrating satisfactory accuracy and high reproducibility. 

There are a series of statistical methods reported so far, include: frequency ratio model 

(Intarawichian and Dasananda 2011; Reis et al. 2011; Pradhan et al. 2011; S Lee, Choi, 

and Min 2004; Saha, Gupta, and Arora 2002), logistic regression model (Lepore et al. 

2011; S. B. Bai et al. 2014; W. Chen et al. 2012; S. Bai et al. 2011; Baeza, Lantada, and 

Moya 2009; Kıncal, Akgun, and Koca 2009; FC Dai and Lee 2002; Nefeslioglu, Duman, 

and Durmaz 2008; Ayalew and Yamagishi 2005; Akgun, Kıncal, and Pradhan 2012; 

Chau and Chan 2005; Pradhan 2010; Mathew, Jha, and Rawat 2007; Süzen and Kaya 

2012; Hadji et al. 2013; Yesilnacar and Topal 2005), weight of evidence (Saro Lee 2013; 

Xu, Xu, Lee, et al. 2012; Oh and Lee 2010; Mohammady, Pourghasemi, and Pradhan 

2012; Ozdemir and Altural 2013; P. E. Quinn et al. 2010), discriminant analysis (He et al. 

2012), etc. Frequency ratio model remains one of the most popular models for its 
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simplicity, as well as highest prediction accuracy as reflected in many comparative 

studies (Oh et al. 2012; Lepore et al. 2011; Poudyal et al. 2010; Ozdemir and Altural 

2013; Mohammady, Pourghasemi, and Pradhan 2012; Saro Lee and Pradhan 2007; 

Solaimani, Mousavi, and Kavian 2012), while some studies advocated that the logistic 

regression model has the best prediction accuracy than others (Saro Lee et al. 2012; S Lee 

2005; J. Choi et al. 2009; Oh, Lee, and Soedradjat 2009; Pradhan and Lee 2009; Nandi 

and Shakoor 2010; Mancini, Ceppi, and Ritrovato 2010; Shahabi et al. 2014; Saro Lee 

2004; Akgun 2011). Despite its greater rigor, it is suggested that the logistic regression 

model did not significantly improve results over the much simpler frequency ratio model 

(Lepore et al. 2011; Saro Lee and Sambath 2006), whereas it is better than discriminant 

analysis when the predictor variables are categorical, continuous or a combination of both 

(Mathew, Jha, and Rawat 2007).  

In the recent decade, various artificial intelligence approaches such as fuzzy logic 

(M. Ercanoglu and Temiz 2011; Pradhan 2011; D. P. Kanungo et al. 2006; Pradhan and 

Sezer 2010; D. Kanungo et al. 2008), support vector machine (SVM) (Wu, Ren, and Niu 

2013; Peng et al. 2014; Yao, Tham, and Dai 2008; Kavzoglu, Sahin, and Colkesen 2013; 

Xu, Dai, et al. 2012), artificial neural network (ANN) (Biswajeet and Saro 2007; S Lee 

2007; J. Choi et al. 2009; Chauhan et al. 2010; Conforti et al. 2014; Pradhan, Lee, and 

Buchroithner 2010) models is becoming increasingly popular. These methods are 

generally recognized not as easy to perform as conventional statistic models (eg. logistic 

regression or frequency ratio), and even giving the worse result in terms of accuracy 

(Saro Lee et al. 2012; J. Choi et al. 2009; Poudyal et al. 2010; Pradhan and Lee 2009; 

Saro Lee et al. 2006; I. Yilmaz 2009; Xu, Xu, Dai, et al. 2012; Oh, Lee, and Soedradjat 

2009; Park et al. 2012; Shahabi et al. 2014; A. Yalcin et al. 2011). For example, only 70% 

of all landslides are correctly classified by ANN in Three Gorges Reservoir area of China 

(Bi et al. 2014). Though a few of them achieved a very high accuracy due to greater rigor, 

these artificial intelligence models did not significantly improve the mapping 

performance over the much simpler logistic regression and frequency ratio model.  In 
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addition, it is hard to process for large amount of data, while frequency ratio is a simple 

and reliable tool if sufficient data is available (I. Yilmaz 2009; Reis et al. 2011). 

It should also be noted that there is a growing trend of model integration. Schleier 

et al. (2013) integrated the frequency ratio, heuristic GIS-methods and ground truth 

evaluation method for Three Gorges Reservoir area in China and succeed with an 

accuracy of 89%. Choi et al. (2012) combined three landslide susceptibility maps derived 

by frequency ratio, logistic regression and ANN and applied as new input factors in the 

respective models and successfully made improvement. Kanungo et al. (2006) developed 

a combined neural and fuzzy weighting and presented a significantly better result. Peng et 

al. (2014) demonstrated a hybrid model is based on rough set (RS) theory and a support 

vector machine (SVM), and confirmed that it has superior prediction skill and higher 

reliability than general SVM.  

To date, there is no definitive modeling method for landslide susceptibility 

mapping and the effectiveness of models depends on the study area (Xu, Dai, et al. 2012). 

The selection of appropriate model largely depends on the analysis scale, the data 

availability, and the landslide mechanism. Nevertheless, frequency ratio and logistic 

regression remain the two most successful and popular strategies (utilized alone or as a 

benchmark for other statistical methodologies) with the wide approval of scientists and 

risk managers all over the world. 

2.3.2 Validation and evaluation of mapping result 

Model validation aims at comparing the modeling results with real world 

situation in order to assess the accuracy, and it also allows the comparison among 

different models. In landslide susceptibility mapping, the model is primarily assessed by 

how well the areas with high susceptibility correspond to actual landslide occurrences. In 

the last decades, further effort also been made to evaluate the performance of different 

landslide susceptibility models. The acceptance of a model needs to fulfill criteria in three 

aspects: Adequacy (conceptual and mathematical) in describing the system behavior, 
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robustness to small changes of the input data (i.e. data sensitivity), and its accuracy in 

predicting the observed data (Frattini, Crosta, and Carrara 2010). The receiver-operating 

characteristic (ROC) plot method is the most popular method for accuracy assessment; 

readers are referred to Section 7.1 for detail.  

However, comparison of those two popular modeling methods in a temporal 

context is rare, as a large body of the literature randomly partitioned the landslide record 

into two, mutually exclusive, groups for model training and validation, while the rest of 

them simply use the whole dataset, such as Lee and Pradhan (2007), Conoscenti et al. 

(2008), Yilmaz (2009), Mancini et al. (2010), Lee et al. (2012), Choi et al. (2012), 

Mohammady et al. (2012), Ozdemir and Altural (2013), Bai et al. (2014) and Umar et al. 

(2014). While it is sometimes a compromise on poor landslide record availability, it is 

rather speculative in nature and vulnerable to certain human discretion. One assumption 

of slope instability modeling is that the occurrence of landslides in the past is indicative 

of the potential for landslides to occur in the future (FC Dai and Lee 2002). As Chung 

and Fabbri (2003) suggest, to validate a prediction for future landslide events, time 

partitioning is the most natural and convincing strategy. In this study, taking the 

advantage of that a high quality landslide inventory is available in Hong Kong, temporal 

verification is introduced to add extra value to the literature of the prediction power of 

frequency ratio and logistic regression models in landslide susceptibility mapping. 

2.4 Summary 

This chapter provides a concise literature review where the research questions 

arise from. Hong Kong is an international metropolitan that highly vulnerable to rainfall-

induced landslide. However, the government is proposing a series of development project 

on Lantau Island, where 70% of the landmass are mountainous natural terrain. An 

updated landslide susceptibility assessment is necessary for proper land use planning. 

There is also a pressing need for a landslide hazard assessment with regard to regional 
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environment settings for Hong Kong, in order to improve the accuracy and effectiveness 

in terms of time and space for the existing landslip warning system. Therefore, to fit with 

the local scenario and point out the gap in the application of the techniques, the landslide 

susceptibility in Lantau Island, Hong Kong is specifically selected as the study topic. 

Techniques for landslide susceptibility mapping could be generally classified as 

qualitative approaches and quantitative approaches. Qualitative approaches are based on 

the knowledge judgment of experts, which involve subjective judgment or rating on the 

relevance of causative factor, and therefore reduce the reproducibility and accuracy of 

these methods. Qualitative approaches have consistently been demonstrating higher 

accuracy and reproducibility, in which frequency ratio and logistic regression models 

have been widely recognized as the most reliable strategies. Result validation is an 

essential part for the study. While most previous studies randomly partitioned the 

landslide records into two, mutually exclusive, groups for model training and validation, 

this study will make a further step to adopt a temporal partitioning. In this study, taking 

the advantage of that a high quality landslide inventory is available in Hong Kong, 

temporal partitioning is introduced to add extra value to the literature of the prediction 

power of frequency ratio and logistic regression models in landslide susceptibility 

mapping. 
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CHAPTER 3 STUDY AREA 

3.1 Location and geographical environment 

The Lantau Island is an outlying island situated in the southwest of Hong Kong 

Special Administrative Region, China, approximately between 113°50'06"E and 

114°03'29"E, 22°11'43"N and 22°20'51"N (Figure 3-1). It has a total land area of over 

150km
2
 (Fuchu Dai, Lee, and Wang 1999), among which over 80% are natural terrain. 

The foot slopes of natural terrain are generally covered by natural woody forest, and the 

mid-slopes are covered by bushes and grass. The Island is characterized by hilly and 

steep terrain with most slope gradients being between 25°-40° (Fuchu Dai, Lee, and 

Wang 1999). Its hills rising steeply from the sea to the Lantau Peak and the Sunset Peak 

at elevations over  900m a.s.l., respectively.  

It has a population of about 105,000, mostly concentrated in several residential 

areas along the seashore, such as Tung Chung, Discovery Bay, Mui Wo, Tai O, etc. Its 

population is projected to increase to a total of about 220,000 with the majority to be 

accommodated in the North Lantau New Town, as there is a severe shortage of easily 

develop land.  

The main bedrock are Mesozoic volcanic rocks in the west and the younger 

intrusive igneous rocks in the northwest, with severely weathered in situ (FC Dai and Lee 

2002). Colluvium/alluvium deposits of the Quaternary age occur at the foot slope or 

drainage estuary. Readers are referred to Section 4.2.7 for detail lithology description of 

the study area. The hill slopes are drained by numerous small streams, most of which 

flow only during or after heavy or prolonged rainfall (FC Dai and Lee 2002).  
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Figure 3-1. Location map and landslide inventory of study area 

3.2 Rainfall-induced landslide 

The climate is sub-tropical and monsoonal, while a hot and humid weather with 

occasional showers and thunderstorms, and frequent typhoon visits from May to 

September (Chau et al. 2004; FC Dai and Lee 2002). Accoridng to the data of Hong Kong 

Observatory, the mean annual rainfall over the period 1981-2010 is in the range of 2100 

to 2400 mm. As a result, rainfall is the main triggering cause of landslides in the study 

area (Fuchu Dai, Lee, and Wang 1999; CH Zhou et al. 2002) (Figure 3-2), a majority of 

which are debris slides, debris flows, complex debris-flows, or composite debris slide-

flow-falls (Evans, Huang, and King 1999) (Figure 3-3). For example, according to the 

record by Geotechnical Engineering Office, Lantau Island was hit by heavy rainstorm in 

November 1993, causing the failure of about 860 natural slopes and blocked roads and 

catchwaters. At that time, Lantau Island was largely undeveloped and fortunately there 

were no casualties.  
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Figure 3-2. Landslide occurrence in Lantau Island and annual rainfall of Hong Kong 

(2000-2009) 

There is a continuing trend to develop areas close to steep natural slopes, making 

it more vulnerable to landslide risk. As more and more natural terrain of Lantau Island is 

getting developed, the consequences in potential densely populated region would be 

disastrous. A severe rainstorm on 7 June 2008 triggered over 2400 landslides on Lantau 

Island, resulted in numerous road blockage and many homes being temporarily evacuated 

(Parry 2011). The failure mechanisms of landslides on Lantau Island are primarily 

translational slides that involve a slipping of a thin layer of colluvium with a planar 

rupture surface (Fuchu Dai, Lee, and Wang 1999; FC Dai and Lee 2002). 

  

Landslide 

Rainfall 
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Figure 3-3. Landslides in North Lantau Island (a) and Tai O (b), June 2008 (CEDD 2013) 

 
 

(a) 
 

 

 (b) 
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CHAPTER 4 DATA AQUISITION & PREPROCESSING 

4.1 Landslide inventory 

Landslide inventory map is essential and a key starting point for studying the 

relationship among landslides and conditioning factors. The historical landslide records 

of 2000-2009 are derived from the latest version Enhanced Natural Terrain Landslide 

Inventory (ENTLI), which developed from intepretation of 4000ft air photos of Hong 

Kong, developed by Geotechnical Engineering Office. The location of each landslide is 

recorded by a point extracted from the crown and the center line of the debris trail. 

It records a total number of 28,751 landslides in Hong Kong from since 1924 in a 

time series. The accuracy of this database in recent years is believed to be approaching 

100% (Nichol and Wong 2005b). With such high quality multi-temporal data available, 

the models established and evaluated in this study are expected to be more accurate and 

reliable.  

As shown in Table 4-1 and Figure 3-1, 1,864 (70%) landslides, occurred from 

2000 to 2008, are used as the training dataset for frequency ratio model and logistic 

regression model, while the subsequent 799 (30%) landslides, occurred from 2008 to 

2009, are used for model validation in a temporal context. Therefore, the predictive 

power of the models would be assessed as how many landslides, occurred from 2008 to 

2009, are successfully predicted by the models trained by the proceeding landslides. 

Table 4-1. Landslide record partitioning for temporal verification 

 Training dataset Validating dataset 

Percentage 70% 30% 

Occurrence year 2000 to 2008 2008 to 2009 

Landslide record count 1,864 799 
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4.2 Causative factors 

The environmental factors are a collection of data layers that are expected to have 

an effect on the occurrence of landslides, and can be utilized as causal factors in the 

prediction of future landslides (Cees J. van Westen, Castellanos, and Kuriakose 2008). 

There is no common guiding principle for selecting these parameters (Ali Yalcin 2008). 

Based on the prior knowledge of landslide occurring characteristics in Lantau Island and 

data availability, 9 causative factors are selected for analysis. Table 4-2 summarized the 

data type and source of these factors, and the description and processing techniques of 

respective thematic layers are presented in the following section.  

Table 4-2. Detail of causative layer and source 

Causative factors Data Data type Data source 

Topology 

Elevation 

Digital 

Elevation model 

(DEM) 

30m GRID 

10m-interval contour line and 

elevation point data from 

Lands Department 

Slope gradient 

Slope aspect 

Plan curvature  

Profile curvature 

Hydrology 
Stream Power 

Index (SPI) 

Land cover NDVI 
Landsat 5 image 

(October, 2009) 
30m GRID USGS 

Geology 

Lithology 

Geology map 

Polygon Hong Kong Geological Survey 

Distance to fault Polyline Hong Kong Geological Survey 

 

4.2.1 Elevation 

Topography firstly controls the spatial variation of hydrological conditions and 

slope stabilities (I. Yilmaz 2009). Elevation data were obtained from the digital elevation 

model (DEM) in a resolution of 30m derived from the 10m interval digital contour lines 

and elevation points. From this DEM, thematic data layers including slope, aspect, plan 
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curvature, profile curvature, were derived.  As shown in Figure 4-1, the elevation of the 

study area ranges from sea level to over 920m. 

 

Figure 4-1. Elevation of Lantau Island 

4.2.2 Slope gradient 

Slope is viewed as the another major controlling factor in landslide formation 

(Shahabi et al. 2014), as the gravitation-induced shear stress in the colluviums or residual 

soils increases with increasing slope gradient (Guillard and Zezere 2012; Xu, Xu, Dai, et 

al. 2012). Slope gradient is the first derivation of elevation therefore was also obtained 

from the digital elevation model (DEM) in a resolution of 30m. According to Figure 4-2, 

the slope gradient in the study area ranges from 0° to 85.3°. Natural slopes are generally 

steep, flat land exists only as small coastal patches or along the gullies (Fuchu Dai, Lee, 

and Wang 1999). It is also observed that land area with slope degree greater than 25° 

accounts for around 45% of the total land.  
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Figure 4-2. Slope gradient of Lantau Island 

4.2.3 Slope aspect 

Slope aspect is defined as the direction of maximum slope of the terrain surface 

with reference to north (Xu, Xu, Dai, et al. 2012). Since the climate in Hong Kong is 

characterized by the strong monsoonal effect: the north-northeast monsoon in fall to 

winter and the south-southwest monsoon from spring to summer, the rainfall intensity, 

soil moisture and exposure to sunlight/wind of slope deposit is strongly controlled by 

terrain aspect. Likewise, the aspect map Figure 4-3 of the study area is generated from the 

DEM. In ArcGIS software, the aspect was classified according to the angle, i.e. Flat (-1), 

North (0°-22.5°, 337.5°-260°), Northeast (22.5°-67.5°), East (67.5°-112.5°), Southeast 

(112.5°-157.5°), South (157.5°-202.5°), Southwest (202.5°-247.5°), West (247.5°-292.5°) 

and Northwest (292.5°-337.5°).  
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Figure 4-3. Slope aspect of Lantau Island 

4.2.4 Plan curvature 

Terrain curvature also plays an important role in causing slope instability. The 

term curvature, which describes the morphology of topography, is theoretically defined as 

the rate of change of slope gradient or aspect in a particular direction (Wilson and Gallon 

2000). Two optional output curvature types are possible: plan curvature and profile 

curvature (Carson and Kirkby 2009).  
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Figure 4-4. Plan curvature (ET Spatial Techniques 2013) 

Plan curvature is described as the curvature of a contour line formed by 

intersecting a horizontal plane with the surface, and therefore controls the convergence or 

divergence of landslide debris and water in the direction of landslide motion. The positive, 

zero and negative value indicate convexity, concavity and flat surface, respectively 

(Figure 4-4). It can be used to differentiate between ridges and valleys.  As shown in 

Figure 4-5, the value of plan curvature in Lantau Island ranges from -1.95 to 1.70. Both 

the concave slopes and the convex slopes highlight a fairly homogeneous 

distribution,with a slight predominance of convex forms. According to the statistics, 

around half of the catchments are relatively flat (-0.2 to 0.2) in Lantau Island.  
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Figure 4-5. Plan curvature of Lantau Island 

4.2.5 Profile curvature  

On the other hand, profile curvature relates to the convergence and divergence of 

flow across a surface, and affects the acceleration or deceleration of flow across the 

surface (concave and convex). In locations with convex (negative) profile curvature the 

erosion will prevail and in locations with concave (positive) curvature the deposition 

(Figure 4-6). 
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Figure 4-6. Profile curvature (ET Spatial Techniques 2013) 

As shown in Figure 4-7, the value of plan curvature in Lantau Island ranges from 

-1.23 to 1.85. Similar to plan curvature, both the concave slopes and the convex slopes 

highlight a fairly homogeneous distribution in terms of the profile curvature value. It 

appears that almost 80% of the catchments are relatively flat (-0.2 to 0.2).  

 

 
 

Figure 4-7. Profile curvature of Lantau Island 
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4.2.6 NDVI 

Extensive investigations have confirmed that vegetation provides both 

hydrological and mechanical effects that are beneficial to the stability of slopes, partly 

due to the root retaining strength and controlling of rainfall-runoff movement. In contrast, 

barren areas and fallow lands destabilize the slopes (Chauhan et al. 2010). In view of 

similar land use type (woodland, shrubs and grassland) on the natural terrain (CH Zhou et 

al. 2002), vegetation coverage rate and health in terms of NDVI should be a more direct 

parameter reflecting land use pattern (He et al. 2012).  

The presence of dense green vegetation implies high NDVI values, due to high 

concentrations of chlorophyll resulting in a low reflectance in the red band as well as due 

to the high stacking of leaves. Sparse vegetation, on the other hand, implies low NDVI 

values due to less or even no chlorophyll and leaves. NDVI value is calculated using the 

common formula (Equation 4.1) from the Landsat TM image acquired in 2009:  

 

The values ranges from -1 to 1 where the values closer to 1 mean higher 

vegetation cover or vegetation density and values close to 0 or less than 0 mean little or 

no vegetation cover exists (Lillesand, Kiefer, and Chipman 2007). 

A series of Landsat images, taken on 2000, 2003, 2006 and 2009 were acquired. 

The temporal stability of NDVI on Lantau Island was explored. It appeared that the 

average NDVI on Lantau Island remained constant through the whole study period.    

Therefore, NDVI was calculated from Landsat TM images taken on October 

2009, which is predominantly cloud-free, and was properly geo-referenced, ortho-

rectification and geo-rectification. The thematic map of NDVI of Lantau Island is shown 

in Figure 4-8. 

 NDVI = 
       

       
 = 

                   

                   
 (4.1) 



29 

 

 

Figure 4-8. NDVI of Lantau Island 

4.2.7 Lithology 

 

It is widely recognized that lithology exerts fundamental control on landforms (C. 

F. Lee et al. 2001). It plays an essential role in the slope instability and is correlated with 

the properties of the slope forming materials, such as rock-mass strength and structure (S. 

B. Bai et al. 2014). Based on the geology map at 1:20,000 scale produced by Hong Kong 

Geological Survey in 2006, a lithology map was converted into GIS database. As shown 

in Figure 4-9, there are five categories of rocks in the study area, mainly comprises of 

volcanic rocks in most west part, intrusive rock in the east and northeast. The bedrock 

geology is dominated by Mesozoic volcanic rocks and the younger intrusive igneous 

rocks (FC Dai and Lee 2002). Colluvium/alluvium deposits occur at the foot slope or 

drainage estuary. There are 17 main groups of lithology units in the study area. Detail 

description of different group is listed in Table 4-3.   
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Table 4-3. Lithological groups and detail rock types 

Category Group Description 

Volcanic rock 

Jty Lapilli-ash and lapilli-bearing coarse ash crystal tuff 

Jts 
Lapilli lithic-bearing coarse ash tuff and tuff breccia 

with intercalated siltstone 

Jlu Rhyolite lava and tuff 

Kku 
Eutaxitic block- and lapilli-bearing vitric tuff with minor 

flow-banded rhyolite lava. 

Krd 
Coarse ash crystal tuff with intercalated tuffaceous 

siltstone and sandstone 

Intrusive rock 

Jmc Equigranular fine-grained leucogranite 

Jml Megacrystic coarse-grained biotite granite 

Jkd Feldsparphyric rhyodacite to porphyritic granite dykes 

Jko Feldsparphyric rhyolite to porphyritic granite dykes 

Kll Porphyritic fine-grained biotite granite 

Kcc Equigranular medium-grained biotite granite 

Minor intrusive rock 

Kct Feldsparphyric rhyodacite to porphyritic granite dykes 

Kcl Megacrystic fine-grained quartz monzonite 

Klf Porphyritic fine-grained quartz monzonite 

Metasedimentary 

rock 
Jo Grey to red fine-grained sandstone and siltstone 

Quaternary deposits 

Q Silt sand and gravel 

F Land reclamation material 

Source: The Geology of Hong Kong (Interactive On-line) 

http://www.cedd.gov.hk/eng/about/organisation/org_geo_pln_map.htm 
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Figure 4-9. Lithology of Lantau Island 

4.2.8 Distance to fault 

As is well known, proximity to the structural elements (e.g. active fault) is very 

important contributing parameter in evaluation of landslide susceptibility, as the 

orientation of the discontinuities in the (weathered) rock in relation with the slope angle 

and direction are of large influence in the susceptibility to landslides (I. Yilmaz 2009; 

Cees J. van Westen, Castellanos, and Kuriakose 2008). Conforti et al. (2014) further 

suggested that these lines of weakness are likely to be areas with high permeability and 

deeply weathering of rocks therefore are areas with high incidence of unstable slopes.  

Fault lines were derived from the geology map at 1:20,000 scale produced by 

Hong Kong Geological Survey in 2006, followed by the creation of buffer zones in 

ArcGIS. As depicted in Figure 4-10, the area appeared to be structurally affected by sets 

of faults, most of which trending SW-NE and SE-NW. Proximity to fault line was 

calculated using GIS spatial analyst functions and buffer zones were created. It should be 

noted that the width of fault is not considered for statistics due to data unavailability.  
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Figure 4-10. Distance to fault of Lantau Island 

4.2.9 Stream Power Index (SPI) 

Topography plays a vital role in the spatial variation of hydrological conditions 

such as soil moisture, groundwater flow and therefore, slope stability. The SPI measures 

the erosion power of the stream and is also considered as a causative factor of slope 

instability in the study area. The SPI can be defined as (Moore, Grayson, and Ladson 

1991) 

 SPI = CA tan ß (4.2) 

In Equation 4.2, CA is the specific catchment area (m
2 

m
-1

) and ß is the local 

slope gradient measured in degrees (Poudyal et al. 2010). Stream power index can be 

used to describe potential flow erosion at the given point of the topographic surface. As 

catchment area and slope gradient increase, the amount of water contributed by upslope 

areas and the velocity of water flow increase, hence stream power index and erosion risk 

increase. Hence, these processes can be considered as one of the main components of 
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landslide generation. As shown in Figure 4-11, the SPI value in the study area are 

generally small. The high value area corresponds with the river and stream valley. 

 

Figure 4-11. Stream Power Index (SPI) of Lantau Island 

The maps relevant to landslide occurrence were constructed in a vector format 

spatial database using the ArcGIS (ESRI) software package. Nine factors, after data 

preprocessing, were converted to a 30m×30m grid format (ArcGIS GRID type). To 

calculate the frequency ratio for the class or type of each factor, the scale factors were 

divided into classes using ArcGIS. The factors were then converted to ASCII data for use 

with the logistic regression analysis.  

4.3 Summary 

Statistical methods primarily examine the spatial relationships between several 

selected factors that affect slope instability and the past landslides, on the basis of the 

widely accepted criterion that “slope-failure in the future will be more likely to occur 

under those conditions which led to past and present instability” (Conoscenti, Di Maggio, 
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and Rotigliano 2008). Therefore, data for this study mainly include: 1) historical landslide 

inventory and 2) thematic layers of landslide causative factors.  The landslide occurrence 

records in 2000-2009 were acquired from the Enhanced Natural Terrain Landslide 

Inventory (ENTLI), in which the record in 2000 to mid-2008 were used for model 

training, while the subsequence were used for model validation. This chapter delivered 

the appraisal of individual landslide factors, in which the relationship between slope 

instability and individual factors include elevation, slope aspect, slope gradient, plan 

curvature, profile curvature, NDVI, distance to river, SPI and lithology were briefly 

introduced, and the thematic layers were prepared by respective source data. 
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CHAPTER 5 METHODOLOGY 

5.1 Flow chart of the study 
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5.2 Frequency ratio model 

Generally, it could be assumed that landslide occurrence is determined by some 

landslide-related factors, future landslide is likely to occur under the same condition s as 

past landslides (S Lee and Talib 2005). Frequency ratio approaches are based on the 

observed relationships between distribution of landslides and each landslide-related factor, 

to reveal the correlation between landslide location and the factors in the study area (Saro 

Lee and Pradhan 2007).  

To calculate the Landslide Susceptibility Index (LSI), each factor’s frequency 

ratio values were summed as Equation 5.1. The LSI represents the relative probability of 

landslide occurrence from historical landslide data.  The higher the value, the greater the 

risk is. 

In Equation 5.1, LSI is the Landslide Susceptibility Index, Fra represents the 

frequency ratio of each causative factor type or range. 

The spatial relationships between landslide occurrence and each contributing 

factors were derived. To calculate the FR, the area ratio of landslide occurrence to non-

occurrence was calculated for different classes or types of each factor, after which an area 

ratio for the class or type of each factor to the total area was calculated. The relation 

analysis is the ratio of the area where landslides occurred to the total area, so a value of 1 

means an average value. If the value is greater than 1, there is a high correlation, and 

lower than 1 means a lower correlation.  

5.3 Logistic regression model 

Logistic regression is one of the most common statistical methods applied in 

earth sciences, including landslide susceptibility mapping. It has been recognized as one 

of the most mature, well-adopted and reliable approaches proposed in the assessment and 

 LSI = ∑    (5.1) 
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prediction of landslide susceptibility (Saro Lee et al. 2012; S Lee 2005; J. Choi et al. 

2009; Oh, Lee, and Soedradjat 2009; Pradhan and Lee 2009; Nandi and Shakoor 2010; 

Mancini, Ceppi, and Ritrovato 2010; Shahabi et al. 2014; Saro Lee 2004; Akgun 2011).  

In the analysis of landslide susceptibility mapping, the dependent variable is 

usually the presence or absence of landslide. This cannot be modeled by an ordinary 

linear regression model, which requires the distribution of dependent variable to be 

normally distributed. The advantage of logistic regression is that it can transform a 

dichotomous dependent variable into a logit variable, which can be used to form a 

multivariate regression relationship between this dichotomous dependent variable and 

several independent variables (Hosmer and Lemeshow 2000). Therefore, logistic 

regression model is particularly suitable for landslide susceptibility mapping. Basically, 

logistic regression analysis relates the probability of landslide occurrence (constrained to 

fall in the interval between 0 and 1) to the “logit” Z (where   <Z<0 for higher odds of 

non-occurrence and 0<Z<   for higher odds of occurrence) (Mancini, Ceppi, and 

Ritrovato 2010). Since the relationship between the independent variables and the 

probability is nonlinear in the logistic multiple regression model, an iterative algorithm is 

required to estimate the parameters. The logistic regression algorithm applies maximum 

likelihood estimation after transforming the dependent variable into a logit variable (the 

natural log of the odds of the dependent occurring or not) (Shahabi et al. 2014). In this 

way, the results of the logistic regression generate a useful formula for predicting the 

probability of presence or absence of a characteristic or outcome based on values of a set 

of predictors (Saro Lee and Pradhan 2007). 

At the beginning of the analysis, a map showing the area affected by landslides 

and factor maps (elevation, slope gradient, slope aspect, plan curvature, profile curvature, 

NDVI, lithology, distance to fault and stream power index) in raster format were first 

converted into ASCII format. Each cell had its representative binary dependent variable 

in terms of 1 (presence of landslide) or 0 (absence of landslide) as well as the information 

of the independent variables (the observed values of predictors) (Nandi and Shakoor 
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2010). An equation predicting the landslide occurrence was obtained as followed, based 

on the description that Hosmer and Lemeshow (2000) have provided.  

Quantitatively, the relationship between the probability of landslide occurrence 

and its dependency on several variables can be expressed as: 

In Equation 5.2, 𝑝 refers to the estimated probability or ‘susceptibility’ of 

landslide occurrence. The value of 𝑝 is constrained within a range between 0 and 1 on an 

S-shaped curve, where 0 indicates a 0% probability of a landslide and 1 indicates a 100% 

probability. The term 𝑧 is the linear combination of independent variables:  

 

In Equation 5.3, 𝑏0 is a constant, 𝑥𝑖 (𝑖 = 0, 1, 2, . . . , 𝑛) are the independent 

variables, 𝑛 is the number of independent variables. In this study, nine landslide causative 

factors are considered, which are described in the previous section. 𝑏𝑖 (𝑖 = 1, 2, . . . , 𝑛) 

are the coefficients of the logistic regression model, 𝑏0 is the intercept.  

The relationship between p and Z can also be expressed as follows after a logit 

transformation: 

In Equation 5.4, p/(1-p) is the so-called odds ratio. 

The coefficients are equivalent to a weight, signifying the importance of each 

evidence map in the regression process (Saro Lee et al. 2012). If a coefficient is positive, 

its transformed log value will be greater than one, indicating that the event is more likely 

to occur. If a coefficient is negative, the transformed log value will be less than one and 

the odds of the event occurrence decreases. A coefficient of 0 has a transformed log value 

of 1, and it does not change the odds one way or the other.  

 𝑝  
 

(     )
  (5.2) 

 
  𝑏  𝑏 𝑥  𝑏 𝑥  𝑏 𝑥    𝑏 𝑥  (5.3) 

 logit (𝑝) = ln [𝑝/(1- 𝑝)] = Z (5.4) 
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The logistic regression analysis described above and GIS techniques were 

employed in this study. The statistical software STATA 12.0 was utilized to estimate the 

correlation between landslide event and the causative factors. In this analysis, continuous 

factors such as elevation, slope gradient, plan curvature, profile curvature, NDVI, 

distance to fault, distance to river were treated as continuous in STATA, whereas slope 

aspect, and lithology were treated as “nominal” data. The probability of a landslide was 

computed using the regression coefficient of each factor and Equation 5.2 and 5.3. A 

susceptibility map was produced by converting the file into raster format in 30m 

resolution. 

5.4 Summary 

This chapter sketches the major work flow in this study, in which two statistical 

techniques, frequency ratio model and logistic regression model, are utilized to assess the 

landslide susceptibility in Lantau Island and perform comparative analysis of modeling 

accuracy.  Frequency ratio approaches are based on the observed relationships between 

distribution of landslides and each landslide-related factor, therefore to reveal the 

correlation between landslide occurrence and the factors in the study area. Logistic 

regression generates a useful formula for predicting the probability of presence or 

absence of landslide based on values of a set of predictors. Analyses were performed in 

the statistical software STATA 12.0. 
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CHAPTER 6 RESULT 

6.1 Landslide distribution characteristic 

To characterize the landslide occurrence quantitatively, the frequency ratio 

analysis analyzing the probability–likelihood of landslide was used for this study. If the 

ratio is greater than 1, the higher significance of relationship between landslide and the 

certain factors’ attribute or range, and if the ratio is less than 1, the less significance of 

relationship between landslide and the certain factors’ attribute or range. The spatial 

relationship between ranges of causative factors and landslide distribution are described 

in the following sections. It indicates that virtually all selected causative factors are 

statistically significant in controlling the landslide occurrence.  

6.1.1 Elevation 

The topography data of the study, such as its slope, aspect, and curvature, was 

derived from DEM in a resolution of 30m. According to the result shown in Table 6-1  

and Figure 6-1, 100-200m and 200-300m classes of elevation have 23.82% and 28.86% 

of historic landslide occurrence. 200-300m and 300-400m classes have the highest 

frequency ratio values of 1.85, from which the value generally decreased with the altitude 

increase. Coastal landslides occurred due to the under-cutting from wave erosion. 

Landslides are rarely identified at elevation higher than 700m, as very thin soil cover and 

rocky materials exist at this range. 
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Table 6-1. Landslide distribution according to elevation classes 

Variable Class Value 
Pixels in 

domain 

Pixel % 

(a) 

Landslide 

occurrence 

points 

Landslide 

occurrence 

points% 

(b) 

Frequency 

ratio  

(b/a) 

Elevation 

(m) 

1 0-100 61,068 39.94 247 13.25 0.33 

2 100-200 35,111 22.96 444 23.82 1.04 

3 200-300 23,917 15.64 538 28.86 1.85 

4 300-400 15,345 10.04 347 18.62 1.85 

5 400-500 8,711 5.70 178 9.55 1.68 

6 500-600 4,326 2.83 87 4.67 1.65 

7 600-700 2,880 1.88 20 1.07 0.57 

8 700-800 1,162 0.76 2 0.11 0.14 

9 800-900 370 0.24 1 0.05 0.22 

10 >900 15 0.01 0 0.00 0.00 

 

 

Figure 6-1. Landslide distribution percentage and frequency ratio in elevation ranges 

6.1.2 Slope gradient 

According to Table 6-2 and Figure 6-2, approximately 50% landslides occur on 

the slope which greater than 25°, while the class of 25-35° have the highest propensity 
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(>1.82). The result presented here is highly consistent with the conclusion in previous 

study by F. C. Dai, Lee, and Ngai (2002). At a slope degree of 5° or less, the frequency 

ratio is below 0.28, indicating a low probability of a landslide occurring. Gentle slopes 

are having a low frequency of landslides which partly due to lower shear stresses. 

However, steep natural slopes (>55°) resulting from outcropping bedrock, and may not be 

susceptible to shallow landslides (Mohammady, Pourghasemi, and Pradhan 2012).  

There is no general classification system for slope. In this study, the classification 

scheme proposed by International Geographical Union is adopted (Chenghu Zhou 2006). 

This scheme classifies the slope into “plain and slight tilted slope” (0°-2°), “slight tilted 

slope” (2°-5°), “slope” (5°-15°), “abrupt slope” (15°-25°), “steep slope” (25°-35°), “very 

steep slope” (35°-55°) and “vertical slope” (>55°). 

Table 6-2. Landslide distribution according to slope gradient classes 

Variable Class Value 
Pixels in 

domain 

Pixel % 

(a) 

Landslide 

occurrence 

points 

Landslide 

occurrence 

points% 

(b) 

Frequency 

ratio  

(b/a) 

Slope 

gradient 

(degree) 

1 0-2 14,310 9.36 11 0.59 0.06 

2 2-5 13,296 8.70 45 2.41 0.28 

3 5-15 34,419 22.51 212 11.37 0.51 

4 15-25 51,533 33.70 734 39.38 1.17 

5 25-35 28,993 18.96 644 34.55 1.82 

6 35-55 9,967 6.52 216 11.59 1.78 

7 >55 387 0.25 2 0.11 0.42 
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Figure 6-2. Landslide distribution percentage and frequency ratio in slope gradient ranges 

6.1.3 Slope aspect 

According to In the case of slope aspect, result shown in Table 6-3 and Figure 

6-3 indicate that nearly half of the historic landslides occurred in the slope of west facing 

(including northwest and southwest), and a lower proportion of landslides occurred in 

other classes. This should be the consequence of the plentiful rainfall brought by 

prevailing southwest monsoon in summer. 
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Table 6-3. Landslide distribution according to slope aspect classes 

Variable Class Value 
Pixels in 

domain 

Pixel % 

(a) 

Landslide 

occurrence 

points 

Landslide 

occurrence 

points% 

(b) 

Frequency 

ratio  

(b/a) 

Slope 

aspect 

1 Flat 15,310 10.01 11 0.56 0.06 

2 N 18,039 11.80 223 13.02 1.10 

3 NE 15,159 9.91 156 10.46 1.06 

4 E 16,187 10.59 227 10.54 1.00 

5 SE 20,647 13.50 250 11.37 0.84 

6 S 18,474 12.08 212 10.39 0.86 

7 SW 15,257 9.98 226 13.02 1.31 

8 W 15,161 9.92 284 15.43 1.56 

9 NW 18,671 12.21 275 15.21 1.25 

 

 

Figure 6-3. Landslide distribution percentage and frequency ratio of different slope 

aspects 

6.1.4 Plan curvature 

According to Table 6-4 and Figure 6-4. Landslide distribution percentage and 

frequency ratio in plan curvature ranges, while a larger proportion of landslide occurred 

in the flat region, in terms of plan curvature and profile curvature, the tendency of 
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frequency ratio seems to be reversed. The more negative or positive the value of the 

curvature, the higher is the probability of landslide occurrence. The reason is that, under 

heavy rainfall, a more upwardly concave or convex slope has more runoff and retains it 

longer (J. Choi et al. 2012). Particularly, on a concave slope (e.g., hollow, swale, gully), 

water and debris tend to concentrate, making landslides more likely to occur. Conversely, 

on a convex slope (e.g., ridge, nose), water and debris are less likely to accumulate, and 

consequently lead to slope failure. This result seems to refute the argument of Ohlmacher 

(2007) that the probability of landslides decreases as the hillsides become more concave 

or convex. 

Table 6-4. Landslide distribution according to plan curvature classes 

Variable Class Value 
Pixels in 

domain 

Pixel % 

(a) 

Landslide 

occurrence 

points 

Landslide 

occurrence 

points% 

(b) 

Frequency 

ratio  

(b/a) 

Plan 

curvature 

1 < -0.8 303 0.20 10 0.54 2.71 

2 -0.8 - -0.6 786 0.51 16 0.86 1.67 

3 -0.6 - -0.4 2,945 1.93 72 3.86 2.01 

4 -0.4 - -0.2 12,219 7.99 210 11.27 1.41 

5 -0.2 - 0 45,106 29.50 450 24.14 0.82 

6 0 - 0.2 72,537 47.44 660 35.41 0.75 

7 0.2 - 0.4 14,807 9.68 326 17.49 1.81 

8 0.4 - 0.6 3,336 2.18 90 4.83 2.21 

9 0.6 - 0.8 680 0.44 24 1.29 2.90 

10 >0.8 186 0.12 6 0.32 2.65 
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Figure 6-4. Landslide distribution percentage and frequency ratio in plan curvature ranges 

6.1.5 Profile curvature 

Profile curvature is the curvature in the vertical plane parallel to the slope 

direction. It measures the rate of change of slope and therefore influences the flow 

velocity of water draining the surface and thus erosion and the resulting downslope 

movement of sediment (C. Yilmaz, Topal, and Süzen 2011). According to Table 6-5 and 

Figure 6-5, there is no significant difference in landslide densities between concave and 

convex profile curvatures, although a significant discrepancy was observed in the case of 

concave and convex plan curvatures. However, landslide frequency ratio is very high 

(2.49) in the convex slopes, with profile curvature value smaller than -0.6, which indicate 

high slope gradient and erosion process prevail.  
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Table 6-5. Landslide distribution according to profile curvature classes 

Variable Class Value 
Pixels in 

domain 

Pixel % 

(a) 

Landslide 

occurrence 

points 

Landslide 

occurrence 

points% 

(b) 

Frequency 

ratio  

(b/a) 

Profile 

curvature 

1 < -0.6 297 0.19 9 0.48 2.49 

2 -0.6 - -0.4 1023 0.67 16 0.86 1.28 

3 -0.4 - -0.2 8028 5.25 146 7.83 1.49 

4 -0.2 - 0 52933 34.62 757 40.61 1.17 

5 0 - 0.2 80727 52.80 770 41.31 0.78 

6 0.2 - 0.4 8682 5.68 145 7.78 1.37 

7 0.4 - 0.6 1007 0.66 17 0.91 1.38 

8 >0.6 208 0.14 4 0.21 1.58 

 

 

Figure 6-5. Landslide distribution percentage and frequency ratio in profile curvature 

ranges 

6.1.6 NDVI 

Vegetation provides both hydrological and mechanical effects that generally are 

beneficial to the stability of slopes (FC Dai and Lee 2002). The NDVI value, reflecting 

the vegetation coverage rate and health, seems to influence landslides as well (Table 6-6). 

In the study area, areas with negative NDVI are mostly flat land with relatively low 

elevation, therefore not susceptible to landslide (FR<0.5). It is observed that FR values 
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greater than 1 are distributed at the NDVI value between 0.2-0.5, which generally 

corresponds to shrub and grassland. As the vegetation cover rate becomes higher, the 

propensity of slope failure is lower (Figure 6-6). 

 

Table 6-6. Landslide distribution according to NDVI classes 

Variable Class Value 
Pixels in 

domain 

Pixel % 

(a) 

Landslide 

occurrence 

points 

Landslide 

occurrence 

points% 

(b) 

Frequency 

ratio  

(b/a) 

NDVI 

1 < 0 3,949 2.39 5 0.27 0.11 

2 0 - 0.1 3,971 2.40 4 0.21 0.09 

3 0.1 - 0.2 4,722 2.85 15 0.81 0.28 

4 0.2 - 0.3 12,199 7.37 143 7.68 1.04 

5 0.3 - 0.4 47,965 28.99 745 39.99 1.38 

6 0.4 - 0.5 65,340 39.48 766 41.12 1.04 

7 0.5 - 0.6 26,447 15.98 185 9.93 0.62 

8 0.6 - 0.7 888 0.54 0 0.00 0.00 

 

 

Figure 6-6. Landslide distribution percentage and frequency ratio in NDVI ranges 

6.1.7 Lithology 

Lithology is considered to be one of the most important predisposing factors. 

Table 6-7 presents the landslide densities computed for the 17 classes of the parameter 

0

10

20

30

40

50

0.0

0.5

1.0

1.5

< 0 0 - 0.1 0.1 - 0.2 0.2 - 0.3 0.3 - 0.4 0.4 - 0.5 0.5 - 0.6 0.6 - 0.7

%

 

Fr 

Fr (NDVI) Landslide %



49 

 

lithology. The class representing “rhyolite lava and tuff” appears to affect the slope 

instability most significantly, with a frequency ratio value of 1.80. The rock units of this 

class occur in the middle and west part of the Lantau Island, expect the coastal area and 

peak area. According to Figure 6-7, the volcanic rocks collectively have the highest 

frequency ratio of 1.69. In Lantau Island, the vast majority of slide-debris flows were 

shallow, and involved the failure of the thin surface layer of loose colluvium of volcanic 

origin underlain by intensely decomposed volcanic rocks (Fuchu Dai, Lee, and Wang 

1999). 

 

Figure 6-7. Landslide distribution percentage and frequency ratio of different rocks 
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Table 6-7. Landslide distribution according to lithology classes 

Variable Category Group 
Pixels in 

domain 

Pixel % 

(a) 

Category% 

(a) 

Landslide 

occurrence 

points 

Landslide 

occurrence 

points% 

(b) 

Category% 

(b) 

Frequency 

ratio  

(b/a) 

Category 

(b/a) 

Lithology 

Volcanic rocks 

Jty 5,281 3.46 

54.55 

20 1.08 

92.04 

0.31 

1.69 

Jts 7,203 4.71 143 7.70 1.63 

Jlu 70,669 46.24 1,546 83.21 1.80 

Kku 214 0.14 1 0.05 0.38 

Krd 575 0.38 0 0.00 0.00 

Intrusive rock 

Jmc 1,347 0.88 

32.85 

6 0.32 

6.24 

0.37 

0.19 

Jml 10,601 6.94 29 1.56 0.23 

Jkd 21,618 14.14 67 3.61 0.25 

Jko 8,443 5.52 14 0.75 0.14 

Kll 714 0.47 0 0.00 0.00 

Kcc 1,146 0.75 0 0.00 0.00 

Minor intrusive rock 

Kct 647 0.42 

4.83 

3 0.16 

1.24 

0.38 

0.26 Kcl 1,146 0.75 0 0.00 0.00 

Klf 5,584 3.65 7 0.38 0.10 

Metasedimentary rock Jo 2,074 1.36 1.36 3 0.16 0.70 0.12 0.52 

Quaternary deposits 
Q 3,804 2.49 

6.05 
4 0.22 

0.54 
0.09 

0.09 
F 5,437 3.56 6 0.32 0.09 
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6.1.8 Distance to fault 

Figure 6-8 suggests a lower probability with further distance from the fault line. 

Most of the landslides have occurred at a distance of 1.2km of fault lines, as it not only 

affect the surface material structures but also contributes to terrain permeability causing 

slope instability. Some faults in Hong Kong are associated with fracture zones of up to 1 

km wide (Sewell, Tang, and Shaw 2009). According to Table 6-8, the ratio is higher than 

1 at a distance between 0 and 1.2km, indicating a high susceptibility, and less than 1 at 

distances greater than 1.2km, indicating low susceptibility. As the distance from fault 

lines decreases, the extent of fracturing of the rock increases and the degree of weathering 

increases as well, and jointly contribute to slope failure (Figure 6-8).  

Table 6-8. Landslide distribution according to distance to distance to fault classes 

Variable Class Value 
Pixels in 

domain 

Pixel % 

(a) 

Landslide 

occurrence 

points 

Landslide 

occurrence 

points% 

(b) 

Frequency 

ratio  

(b/a) 

Distance 

to fault 

(km) 

1 0-0.6 12,583 55.93 1,089 58.42 1.04 

2 0.6-1.2 6,618 29.42 592 31.76 1.08 

3 1.2-1.8 2,123 9.44 164 8.80 0.93 

4 1.8-2.4 900 4.00 19 1.02 0.25 

5 2.4-3 213 0.95 0 0.00 0.00 

6 >3 59 0.26 0 0.00 0.00 
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Figure 6-8. Landslide distribution percentage and frequency ratio of distance to fault 

ranges 

6.1.9 Stream Power Index (SPI) 

SPI analysis indicated that flow erosion is not significant in the study area. An 

overlay analysis of the landslide inventory and the SPI map suggested that SPI is not a 

significant conditioning parameter for slope instability in Lantau Island, as more than 95% 

of the total landslides occurred in the less flow erosion (SPI<20) slopes. However, in the 

slopes where the slope erosion process is significant (SPI>160), the landslide probability 

appears to be much higher (Table 6-9). The probability drops significantly when the SPI 

is higher than 180, where the drainage channel (or seasonal drainage channel) actually 

occurs (Figure 6-9).  

The landslide occurrence percentages were not plotted in Figure 6-9 as most of 

the values are less than 1%.  
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Table 6-9. Landslide distribution according to Stream Power Index (SPI) classes 

Variables Class Value 
Pixels in 

domain 

Pixel % 

(a) 

Landslide 

occurrence 

points 

Landslide 

occurrence 

points% 

(b) 

Frequency 

ratio  

(b/a) 

SPI 

1 0-20 145,583 95.21 1,790 96.03 1.01 

2 20-40 3,278 2.14 23 1.23 0.58 

3 40-60 1,223 0.80 15 0.80 1.01 

4 60-80 674 0.44 10 0.54 1.22 

5 80-100 472 0.31 8 0.43 1.39 

6 100-120 314 0.21 4 0.21 1.04 

7 120-140 267 0.17 2 0.11 0.61 

8 140-160 198 0.13 1 0.05 0.41 

9 160-180 131 0.09 3 0.16 1.88 

10 >180 765 0.50 8 0.43 0.86 

 

 

Figure 6-9. Landslide frequency ratio of SPI ranges 

Overall, the analysis result presented here is in consistent with previous studies 

and the prior knowledge of Lantau Island (FC Dai and Lee 2002; CH Zhou et al. 2002).  
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Table 6-10. Class with the highest frequency ratio in respective factors 

Variable Class Frequency ratio 

Elevation 200-300m, 300-400m 1.85 

Slop gradient 25-30° 1.82 

Slope aspect West 1.56 

Plan curvature 0.6-0.8 (concave) 2.90 

Profile curvature < -0.6 (convex) 2.39 

NDVI 0.3-0.4 1.38 

Lithology Jlu 1.80 

Distance to fault 0.6-1.2km 1.08 

Stream Power Index 160-180 1.88 

 

Table 6-10 summarizes classes with the highest frequency ratio in respective 

factors. It can be interpreted that the distribution of landslides is largely governed by a 

combination of geo-environmental conditions, such as elevation of 200m-300m, slope 

gradient of 25°-35°, slope aspect of west or northwest, high degree of positive or negative 

plan curvature and profile curvature, sparse vegetation with NDVI of 0.3-0.5 

(shrub/grassland), proximity (0.6-1.2km) to fault line, presence of volcanic bedrocks 

(especially Rhyolite lava and tuff) and high stream power index. 

6.2 Frequency ratio analysis 

From the above analysis, the spatial relationship between the occurrence of 

landslides and each landslide causative factor was derived. The relation analysis is the 

ratio of the area where landslides occurred to the total area, so a value of 1 means an 

average value. If the value is higher than 1, it shows a higher correlation; if lower than 1, 

it indicates a lower correlation. The summed frequency ratio (i.e. Landslide Susceptibility 

Index) is illustrated in Figure 6-10, after the combination of all these factors.  
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To calculate the Landslide Susceptibility Index (LSI) of each grid cell, each 

factor’s frequency ratio values were summed as Equation 6.1. The LSI represents the 

relative probability of landslide occurrence from historical landslide data.  The higher the 

value, the greater the risk is. 

In Equation 6.1, LSI is the Landslide Susceptibility Index, Fr represents the 

frequency ratio of each causative factor type or range in each grid cell. 

For visual interpretation purpose, the cells of susceptibility value are divided into 

five classes by quantile (equal area) classification, which distributes the values into 

susceptibility groups that contain an equal number of grid cells. 

LSI = Frelevation +  Frslope gradient  +  Frslope aspect +  Frplan curvature  

+  Frprofile curvature+  FrNDVI+  Frlithology+  Frdistance to fault +  FrSPI 

 

(6.1) 
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Figure 6-10. Landslide susceptibility map by frequency ratio model



57 

 

The classification of those values into different classes is necessary to produce 

susceptibility mapping result for better interpretation. Classification determines the 

spatial distribution of susceptibility. In this study, the ranking based on equal area classes, 

recommended by (C.-J. F. Chung and Fabbri 2003), was adopted. Therefore, the cells of 

susceptibility value are divided into five classes by quantile (equal area) classification: 

highest 20%, second 20%, third 20%, fourth 20% and remaining 20%, which distributes 

the values into susceptibility groups that contain an equal number of grid cells (Figure 

6-11).  

 

Figure 6-11. Class breaks for landslide susceptibility index by frequency ratio analysis  

6.3 Logistic regression analysis 

6.3.1 Multicollinearity diagnosis 

The estimates for a regression model cannot be uniquely computed when a 

perfect linear relationship exists among the predictors, as this analysis is sensitive to 

collinearities among the independent variables (Ozdemir and Altural 2013; Hosmer and 

Lemeshow 2000). Multicollinearity occurs when two or more predictors in the regression 

model are correlated and provide redundant information about the response. The 
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“variance inflation factor” (VIF) was computed for quantifies the severity of 

multicollinearity by Equation 6.2.  

 

where   
  is the coefficient of determination of the regression equation. 

If the VIF is higher than 10, it means that the variable could be regarded as a 

linear combination of other independent variables. As the VIF of all variables are smaller 

than 10 in this study (Table 6-11), there was no significant multicollinearity between 

independent factors (Neter, Wasserman, and Kutner 1990). 

Table 6-11. Multicollinearity diagnosis for independent variables used in the analysis 

Variables Variance inflation factor (vif) 

Geology 2.37 

Fault 1.22 

NDVI 1.50 

Plan curvature 1.32 

Profile curvature 1.32 

Slope gradient 1.66 

Slope aspect 3.36 

Elevation 1.88 

SPI 1.09 

 

6.3.2 Logistic regression analysis 

The logistic regression coefficient for each of the thematic layers was computed 

and is shown in Table 6-12, where each of the continuous thematic layers have only 

     
 

    
  (6.2) 
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single coefficient values and, on the other hand, nominal or discrete thematic layers show 

coefficients for each discrete class. 

Table 6-12. Coefficients of logistic regression of each causative factor (independent 

variable)  

Causative factor 

Coefficient of 

logistic 

regression 

     Sig. 

Elevation (m) -0.0016 0*** 

Slope gradient (degree) 0.0248 0*** 

Slope aspect 

Flat ——a
  

N 1.3776 0*** 

NE 1.4257 0*** 

E 1.4902 0*** 

SE 1.2225 0*** 

S 1.3841 0*** 

SW 1.6552 0*** 

W 1.5066 0*** 

NW 1.3751 0*** 

Plan curvature 0.4831 0.001*** 

Profile curvature -0.3324 0.144 

NDVI -3.0686 0*** 

Lithology 

Jty ——a
  

Jts 1.2387 0*** 

Q -2.3489 0.023* 

Jo 1.3432 0*** 

Klf -1.2424 0.002** 

Jmc -0.3170 0.479 

Jml 0.1971 0.372 
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Jkd -0.7665 0.001*** 

Jko -1.2577 0*** 

F -2.1736 0*** 

Kll ——b
  

Kcl ——b
  

Kcc -1.3016 0*** 

Kct -0.1155 0.85 

Jlu 1.6093 0*** 

Kku -0.0415 0.968 

Krd ——b
 0.014* 

Distance to fault (km) -12.6310 0.014* 

Stream Power Index (SPI) -0.0024 0.089 

a 
Used as the reference category, and the coefficient of that category is thus overridden. 

b 
Observations in this category are dropped from the regression model due to no recorded 

occurrence of landslide. 

Constant: -5.4865 

 

The logistic regression analysis was applied to extract the coefficients of the all 

variables, which are shown in Table 6-12. This statistical technique is a multivariate 

estimation method that examines the relative strength and significance of factors 

(Ozdemir and Altural 2013). A positive sign indicates that the explanatory variable has 

increased the probability of change, and a negative sign implies the opposite effect.  

Table 6-12 shows that “Slope gradient” and “Plan curvature” showed positive 

associations with landslide occurrences, with regression coefficients of 0.0248 and 

0.4831, respectively; “Elevation”, ‘Profile curvature”, “NDVI”, “Distance to fault” and 

“Stream Power Index (SPI)” showed negative associations with landslide occurrences, 

with regression coefficients of -0.0016, -0.3324, -3.0686, -12.6310 and -0.0024, 

respectively.  
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The Sig. of the change column in Table 6-12 shows the significance of individual 

variables. Thus, distance to fault variable has the highest significance with negative 

correlation. In other words, the increased distance to fault will result in decreased 

landslide frequency. NDVI, reflecting the vegetation density and health, is in second 

place, while elevation layer represents the least significant variable. Frequency of 

landslides correlated positively with the type of rocks, thus the highest frequency was 

recorded in areas with less stiff stones. 

Equation 6.3 was derived according to the coefficients of logistic regression 

shown in Table 6-12, which was used to predict the possibility of the landslide occurring. 

 

Z = -5.4865 + (-0.0016 ×  ELEVATION) + (0.0248 ×  SLOPE_GRADIENT) 

+ SLOPE_ASPECT + (0.4831 ×  PLAN_CURVATURE)  

+ (-0.3324×  PROFILE_CURVATURE) + (-3.0686 ×  NDVI)  

+ LITHOLOGY + (-12.6310 ×  DISTANCE_FAULT) + (-0.0024 ×  SPI) 

(6.3) 

 

Where ELEVATION is the elevation value; SLOPE_GRADIENT is the slope 

gradient value; PLAN_CURVATURE and PROFILE_CURVATURE is the value of plan 

curvature and profile curvature ; NDVI is the normalized difference vegetation index; 

DISTANCE_FAULT is the distance to fault value; SPI is the stream power index value; 

ASPECT and LITHOLOGY are the corresponding logistic regression coefficients listed 

in Table 6-12, respectively; z is a linear combination of independent variables 

In order to predict the possibility of landslide occurrence in each grid, probability 

was calculated from: 

 𝑝   
 

     
 (6.4) 

In Equation 6.4, p is the probability of an event occurring. Here, p refers to the 

estimated probability of landslide occurrence based on the intrinsic causative factors, 

which is termed ‘susceptibility’. A landslide susceptibility map was created using this 

equation.  
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Figure 6-12. Landslide susceptibility map by logistic regression model
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Table 6-13. Probability of different landslide susceptibility zones 

No. Landslide susceptibility zones Probability value 

1 Very high  0.91–1.00 

2 High  0.68–0.91 

3 Moderate 0.45–0.68 

4 Low 0.22–0.45 

5 Very low 0.00–0.22 

 

The landslide susceptibility map derived by logistic regression model is presented 

in Figure 6-12. If the probability is high, there is a greater susceptibility to landslides; a 

lower value indicates a lesser susceptibility. For visual interpretation purpose, the cells of 

susceptibility value are divided into five classes by quantile (equal area) classification: 

highest 20%, second 20%, third 20%, fourth 20% and remaining 20%, which distributes 

the values into susceptibility groups that contain an equal number of grid cells, as shown 

in Table 6-13.  

According to the map presented above, the very high susceptibility area appears 

concentrating in the northwest part of Lantau Island.  

The historical landslides (2000-2009) in the corresponding very low, low, 

moderate, high and very high zone account for 1.06%, 5.68%, 16.76%, 38.74% and 

37.76% for FR model, and 8.89%, 23.94%, 37.18%, 25.10% and 4.89% for LR model. 

From the comparison result, it can be inferred that the landslide densities generally 

increase with the susceptibility class.  

6.4 Summary 

From this study it can be interpreted that the distribution of landslides is largely 

governed by a combination of geo-environmental conditions, such as elevation of 200m-

300m, slope gradient of 25°-35°, slope aspect of west or northwest, high degree of 
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positive or negative plan curvature and profile curvature, sparse vegetation with NDVI of 

0.3-0.5 (shrub/grassland), proximity (0.6-1.2km) to fault line, presence of volcanic 

bedrocks (especially Rhyolite lava and tuff) and high stream power index. The selected 

nine factors are appropriate for landslide susceptibility analysis. The landslide 

susceptibility maps were subsequently generated by frequency ratio model and logistic 

regression model, respectively. 
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CHAPTER 7 DISCUSSION  

7.1 Model evaluation 

According to the susceptibility value of each cell, two probability maps were 

obtained. Due to a complete and long-time landslide inventory database available in 

Hong Kong, a temporal assessment for the landslide susceptibility mapping results can 

also be performed. Landslide records are separated into two subsets: 70% of the total 

landslide records, occurred during 2000 to mid-2008, are used as the training dataset for 

frequency ratio model and logistic regression model, while the rest 30% landslide records, 

occurred during mid-2008 to 2009, are used for model validation. This will allow us to 

evaluate the ‘prediction rate’ of the predictive models with subsequent landslide scenario, 

rather than simply ‘success rate’.  

In this study, validations of the mapping results were performed by calculating 

receiver operating characteristics (ROC). It has been commonly used in medical decision 

making, and in recent years has been increasingly applied in machine learning and data 

mining research (Fawcett 2006). The graphs are useful for organizing classifiers and 

visualizing the modeling performance. In this method, the susceptibility value of all cells 

are sorted in a descending order and divided into 20 classes of accumulated area ratio 

percentage according to the landslide susceptibility value (Figure 7-1). Finally, the area 

under the ROC curve (AUC) values, are used to evaluate the accuracy (i.e ‘prediction 

rate’) of the models. The AUC value ranges from 0.5 (random prediction, represented by 

the diagonal reference line) to 1 (perfect prediction). In the study area, the area ratio for 

logistic model and frequency ratio model were 0.880 and 0.770, respectively, which 

implies that the prediction accuracy of these model are 88.80% and 77.00%.   

Using the area under curve (AUC) of the receiver operator characteristic (ROC) 

curve, the validation results show that both the logistic regression model and frequency 
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ratio model are capable of predicting the susceptibility of landslides. The logistic 

regression model appeared to be more reliable in as much as the model best corresponded 

to the subsequent actual ground truth. 

 

 

Figure 7-1. ROC plots for the susceptibility maps by logistic regression and frequency 

ratio  

As in Table 7-1. Predictive rate of subsequent landslides by landslide 

susceptibility index rank, in the case of the frequency model used, 90 to 100% (top 10%) 

class of the study area where the landslide susceptibility index had a higher rank could 

account for 25% of all the landslides. In addition, the 80 to 100% (top 20%) class of the 

study area where the landslide susceptibility index had a higher rank could account for 

43.55% of the landslides. For the logistic regression model, the 80-100% (top 20%) class 

with the highest probability of a landslide contains 69.96%, and the 70-100% (top 30%) 

class contains 81.35%.  
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Table 7-1. Predictive rate of subsequent landslides by landslide susceptibility index rank 

Landslide 

susceptibility 

value rank (X) 

Frequency ratio analysis Logistic regression analysis 

Landslide 

occurrence 

2008-2009 

Percentage 

(Y1) 
∆Y1/∆X 

Landslide 

occurrence 

2008-2009 

Percentage 

(Y2) 
∆Y2/∆X 

Top 5% 79 9.89% 1.98 293 36.67% 7.33 

Top 10% 190 23.78% 2.78 402 50.31% 2.73 

Top 15% 276 34.54% 2.15 489 61.20% 2.18 

Top 20% 348 43.55% 1.80 559 69.96% 1.75 

Top 25% 398 49.81% 1.25 612 76.60% 1.33 

Top 30% 474 59.32% 1.90 650 81.35% 0.95 

Top 35% 533 66.71% 1.48 676 84.61% 0.65 

Top 40% 579 72.47% 1.15 689 86.23% 0.33 

Top 45% 611 76.47% 0.80 703 87.98% 0.35 

Top 50% 653 81.73% 1.05 712 89.11% 0.23 

Top 55% 680 85.11% 0.68 743 92.99% 0.78 

Top 60% 704 88.11% 0.60 756 94.62% 0.33 

Top 65% 719 89.99% 0.38 763 95.49% 0.18 

Top 70% 737 92.24% 0.45 769 96.25% 0.15 

Top 75% 749 93.74% 0.30 769 96.25% 0.00 

Top 80% 760 95.12% 0.28 773 96.75% 0.10 

Top 85% 771 96.50% 0.28 775 97.00% 0.05 

Top 90% 789 98.75% 0.45 784 98.12% 0.23 

Top 95% 796 99.62% 0.18 786 98.37% 0.05 

Top 100% 799 100.00% 0.08 799 100.00% 0.38 

 

To sum up, using the area under curve (AUC) of the receiver operator 

characteristic (ROC) curve, the validation results show that both the logistic regression 

model and frequency ratio model are capable of predicting the susceptibility of landslides. 

The overall prediction rate is 77.00% and 88.80%. To summarize, logistic regression 
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analysis is 11.80% more capable in predicting the subsequent landslides in Lantau Island, 

Hong Kong. 

7.2 Model selection for landslide susceptibility analysis 

Landslide susceptibility can be assessed using different methods based on the 

GIS technology. Especially in the last twenty years, many research papers were published 

in order to solve deficiencies and difficulties in assessment of the susceptibility.  

It is widely recognized that both frequency ratio and logistic regression analysis 

are well suited for landslide occurrence mapping. The frequency ratio model is simple, 

and its input, calculation and out-put processes are easily understood (Ozdemir and 

Altural 2013). For logistical regression, the assumption of normal distribution of 

independent variables is unnecessary, and can be measured on a nominal, ordinal, interval 

or ratio scale. However, in other similar statistical models (e.g. determinant analysis), the 

factors must have a normal distribution; in the case of multi-regression analysis, the 

factors must be numerical. In addition, the dependent variable of logistic regression is in a 

binary format of either “0” or “1”, which correspond to landslide non-occurrence and 

occurrence.  

Nevertheless, the assessment result presented here is far from a solid conclusion 

for the efficacy of those methods. The selection or combination of different methods 

depend on the objective of the study, the scale of analysis, the available data sets, the type 

of landslides and failure mechanism (Manzo et al. 2013). In some previous studies which 

did not adopt time portioning for model validation, Lee and Pradhan (2007) compared the 

frequency ratio model and logistic regression model in Selangor, Malaysia and argued 

that the accuracy of frequency ratio model (93.04%) is better than the logistic regression 

model (90.34%). However, Lepore et al. (2011) suggested that the LR method did not 

improve results over the much simpler FR method, despite its rigorous statistical testing 

and model building. 
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More importantly, it is also well recognized that the various factors contributing 

to landslides in a region are complexly interrelated and the relationships between these 

factors and the landslides are nonlinear in nature. In this research, using bivariate 

statistics, the assumption was made that all landslides in a given study area occurred 

under the same combination of parameters, and that all sets of parameters were 

conditionally independent (Xu, Xu, Lee, et al. 2012), as frequency ratio method largely 

ignores the spatial autocorrelation among each factor (Intarawichian and Dasananda 

2011).  

To date, there has been no general agreement or even on the scope of this 

investigation (Pandey et al. 2007), as well as the mode of selecting and combining the 

causative and triggering factors (Hadji et al. 2013). The overall goal of refining the 

techniques for preparing landslide susceptibility map must be simple and achieving a 

higher accuracy. Recently, Quinn (2014) illustrated some practical considerations for this 

study, in which the overall criteria of thematic data selected was proposed. Some studies 

also suggested that an increase of the number of causative parameters do not necessarily 

lead to more accurate results (Manzo et al. 2013). 

7.3 Data for landslide susceptibility analysis 

In our study, due to inaccessibility of mountainous natural terrain and cost, soil 

moisture is not considered. No attempt has been made to evaluate the effect of soil 

moisture on landslide occurrence. However, to some extent, this mechanism could be 

compensated by the measurement of stream power index, which measures the erosion 

power of the stream, as well as NDVI, as these are recognized highly related with soil 

moisture. 

In addition, the hypothesis that the past landslide frequency can be used to 

describe the future landslide occurrence was not always supported in some study area. 
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Therefore, unique conditional analyses could be an effective complement, as 

demonstrated in Klimeš (2012).  

The result would be influenced by the spatial resolution and quality of data. The 

derivatives of a digital elevation model (DEM) are controlled by the scale factor. Slope, 

aspect and curvature pattern may subsequently be varied in different ways as scale 

changes. Therefore, approach incoporating multi-scale DEM could is subject to further 

study (Y. Chen and Zhou 2013). Reliable assessment depends on the quality and the scale 

of available data and the selection of appropriate methodology for analysis and modeling 

(J. Choi et al. 2012). Today, rapid advances are making Earth observation (EO) 

techniques more effective for landslide detection, mapping, monitoring and hazard 

analysis (Tofani et al. 2013). Remote sensing imagery in higher spatial resolution, such as 

SPOT or IKONOS, could be obtained to improve the result. Recent studies also 

demonstrate that the use of high-resolution LiDAR-derived terrain model, which offers 

detail topographic data, can significantly improve the accuracy (Nelson, Reuter, and 

Gessler 2008).  

The influence by data classification method on the final susceptibility result 

remains unclear. In fact, the natural breaks (Jenks) classification method was tested 

initially in this study, yet we didn’t see significant change in the later result using equal 

interval classification. This is supported by Quinn (2014) who suggested that all of those 

potential groupings (eg. equal area, equal interval or natural breaks) would have minimal 

impact to the resulting susceptibility model and would thus be valid means of simplifying 

the analysis. 

It was also suggested that the regional bias effect exist in the landslide occurrence 

of Hong Kong, mainly due to the difference of slope direction condition (Chau and Chan 

2005). However, very few studies reported in this aspect and the regional bias effect is 

not thoroughly examined. 
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7.4 Recommendations 

It should also be noted that this susceptibility model is intended for use as a 

screening tool at the regional scale, useful for focusing efforts for more detailed study (P. 

E. Quinn et al. 2010). It must be pointed out that, however, the susceptibility maps are on 

a regional scale and cannot be used for site-specific assessment or as a substitute of 

professional advice from qualified geologists or geotechnical engineers (S. B. Bai et al. 

2014). Landslide risk assessment or cost of future landslides may also be considered for 

improve the urban planning strategies (Akgun, Kıncal, and Pradhan 2012), given that 

detail rainfall data and factors relevant to vulnerability such as buildings and 

infrastructure are available (the proposed future planning of Lantau Island). The 

susceptibility model could also be improved by expanding its scope to include the rest of 

the Hong Kong and by using additional data to make it suitable for use at a larger scale. 

Advances in information technology allow in situ ground and weather data to be 

transmitted to geospatial computation system so that a warning could be issued in a real 

time and regional specific manner. This raises another problem of processing and 

interpreting a large amount of territorial data in a real-time or near real-time context, 

called ‘spatialtemporal intensive scenario’. Geospatial computing, like many other 

disciplines of science and engineering, is currently facing a daunting challenge in data 

management that compels researchers and engineers to address the need for handling 

voluminous geospatial data with ever-increasing complexity and heterogeneity (Li, Zhang, 

and Yu 2011). For data-intensive geospatial computing like landslide susceptibility and 

hazard assessment, spatial cloud computing certainly offers an alternative solution for 

researchers to perform scalable and efficient geospatial data-processing tasks, with no 

need to maintain complex computer resources (Yang, Xu, and Nebert 2013; Yang, 

Goodchild, and Huang 2011). With the aid of geospatial cloud computation, it is also 

expected to strengthen the effort of avoiding hazards and restricting development in 

landslide-prone areas, and consequently allow for cloud-enabled early-warning, which 
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starts with the sensor in the field and ending with user-opitmized warning messages and 

action advice (Thiebes 2012; Huang and Zhou 2013; Hong and Adler 2007). 
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CHAPTER 8 CONCLUSION 

8.1 Summary of research 

Landslides are among the most hazardous natural disasters. The mountainous 

terrain, heavy and prolonged rainfall and close proximity of dense urban development to 

steep terrain make Hong Kong unique as the most vulnerable metropolitans to the risk of 

landslides. Based on the result and its interpretation of this research on landslide 

susceptibility mapping in Lantau Island, several conclusions can be extracted. Detail 

descriptions of each conclusion have been elaborated in respective chapters.  

Landslide susceptibility assessment provides fundamental information for hazard 

assessment. In landslide-prone mountainous areas, direct geomorphological accessing for 

landslide hazard is virtually impossible. Remote sensing (space-borne or air-borne) 

techniques provide powerful alternatives for detecting, identifying, and monitoring 

landslides and their related factors. With the aid of GIS and remote sensing technology, 

this research is expected to not merely to produce a map, but also to contribute to develop 

appropriate strategies for landslide susceptibility mapping. 

This research attempts to offer a zonation map of landslide susceptibility of 

Lantau Island, and delineate the highly susceptible area of landslide on Lantau Island, 

Hong Kong. Various methodologies have been proposed for landslide susceptibility 

mappings. The level of correlation relationship between locations of historical landslides 

recorded in ENTLI and the selective factors (elevation, slope, aspect, plan curvature, 

profile curvature, NDVI, distance to river, distance to fault and lithology) is assessed by 

the frequency ratio analysis, and described by the frequency ratio index. By applying a 

bivariate analysis, it was revealed that these selective factors affect the of slope instability, 

with different spatial tendencies. It can be concluded that the distribution of landslides is 

largely governed by a combination of geo-environmental conditions, such as elevation of 
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200m-300m, slope gradient of 25°-35°, slope aspect of west or northwest, high degree of 

positive or negative plan curvature and profile curvature, sparse vegetation with NDVI of 

0.3-0.5 (shrub/grassland), proximity (0.6-1.2km) to fault line, presence of volcanic 

bedrocks (especially Rhyolite lava and tuff) and high stream power index. In this paper, the 

statistically-based frequency ratio model and logistic regression model were 

demonstrated to estimate the landslide susceptibility based on the environmental settings 

and historical landslide record in Lantau Island, Hong Kong. Readers are referred to 

Figure 6-10 and Figure 6-12 for the detail landslide susceptibility zonation map by 

frequency ratio analysis and logistic regression analysis, respectively,  

More importantly, this study attempts to offer a new model assessment strategy 

for landslide susceptibility mapping. The verification result showed satisfactory 

agreement between the susceptibility map and landslide location data. These methods are 

straightforward and cost effective and can be applied in other areas with similar 

topographic and geological settings. The validation result shows that logistic regression 

model (88.80%) is superior to the frequency ratio model (77.00%) for the study area in 

terms of prediction power.  

8.2 Contribution to knowledge  

The main difference between previous studies and the present study is that, 

model evaluation in temporal context provides further insight of the efficacy of the above 

models applying in landslide susceptibility assessment (C.-J. Chung and Fabbri 2008). 

According to the validation result, 88.80% and 77.00% of the landslides occurring from 

2008 to 2009 are successfully predicted by the logistic regression and frequency ratio 

model trained by records in 2000 to 2008 in the study area. It confirms that both 

frequency ratio model and logistic regression model are reliable for landslide 

susceptibility mapping, while the former model has significantly better predication 

accuracy of 11.70% than latter model, as demonstrated in our study area.  
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This study contributes to the understanding of landslide occurrence. It can be 

concluded that the distribution of landslides in Lantau Island is largely governed by a 

combination of geo-environmental conditions. It aims to provide a scientific assessment 

of the risk areas with respect to landslides on Lantau Island, and may serve as a basis for 

decisions or justification of the Lantau development planning. In this way landslide 

susceptibility mapping is a fundamental tool in territorial planning and a valid support for 

decision-makers. 

8.3 Future work 

When surrounding area is identifies as moderately or highly susceptible, a more 

detail geotechnical investigation should be conducted to further assess the risk prior to 

commencing construction or development. 

Achieving sustainable development in Hong Kong requires constant vigilance 

effort in respect of landslide risk management. It should be recognized that there should 

be periodic reviews of landslide assessment (Fell et al. 2008) in order to have an up-to-

date susceptibility map, as it will be altered by changes of land use/topography/landscape, 

increasing availability and improving quality of input data, as well as refining of 

modeling techniques. 

Advances in information technology allow in situ ground and weather data to be 

transmitted to geospatial computation system so that a warning could be issued in a real 

time and regional specific manner. For data-intensive geospatial computing like landslide 

susceptibility and hazard assessment, spatial cloud computing certainly offers an 

alternative solution for researchers to perform scalable and efficient geospatial data-

processing tasks, with no need to maintain complex computer resources (Yang, Xu, and 

Nebert 2013; Yang, Goodchild, and Huang 2011). A cloud-enabled early-warning system, 

which starts with the sensor in the field and ending with user-opitmized warning 
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messages and action advice, is a priority of further research (Thiebes 2012; Huang and 

Zhou 2013; Hong and Adler 2007). 
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