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Abstract

In certain areas of the world, landslides are the most common and recurrent natural hazard,
resulting in substantial human deaths and property damage. Landslides are extremely common
in Sri Lanka, with landslides affecting approximately 30.7%of the country's land area. As the
demand for human growth has increased, landslides have become a major problem in Sri
Lanka's mountainous regions. As a result, detecting landslide potential associated with terrain
data and remote sensing data is crucial for ensuring the long-term viability of projects while
minimizing the risk of landslide disasters.

The aim of this study is to develop a susceptibility map for Sri Lanka using a novel data science
approach. This study has been used the Rathnapura district in Sri Lanka as the study area. In
this study, five ensemble machine learning algorithms: Random Forest, Bagged Decision Tree,
AdaBoost, XGBoost, and Gradient Boost were used for landslide prediction and landslide
susceptibility map modeling. Using the K-Means clustering algorithm, the class probability
values from ensemble-based machine learning algorithms were used to reclassify the study
area into susceptibility levels: Extreme Low (EL), Low (L), Moderate (M), High (H), Very
High (VH), and Extreme High (EH). In addition, landslide susceptibility maps were generated
using the Frequency Ratio technique. The Landslide Susceptibility Index (LSI) was generated
using the Frequency Ratio values. The study area was then categorized into six landslide
susceptibility classes based on the LSl value: Extreme Low, Low, Moderate, High, Very High,
and Very High.

The F-Score, Accuracy, Precision, and Recall values were used to evaluate the landslide
prediction results, while the Landslide Density value was used to evaluate the LSMs. Finally,
a web application was developed to visualize landslide susceptibility maps, landslide
locations, and landslide conditioning factor maps.
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CHAPTER 1: INTRODUCTION

In recent decades, Natural disasters have risen increasingly, with that landslides
becoming one of the most damaging natural disasters, causing severe loss of life and
property. It is caused with other natural disasters, such as heavy rainfall and
earthquakes that make it hard to predict landslides. Heavy rainfall has caused extreme
landslides and floods in fifteen districts across Sri Lanka since May 14, 2017. As of
June 2017, the Disaster Management Center recorded around 200 deaths, and
approximately 700,000 people exaggerated by the landslide and flood situation [1].
Furthermore, the landslide completely destroyed 2,313 homes and slightly damaged
another 12,529 homes [1].

1.1 Landslide

Landslides are a common occurrence that have become one of Sri Lanka's most
dangerous natural hazards. In the last five years, landslides have directly impacted
over 50,000 people, with thousands more at risk today, especially in the districts of
Kaluthara, Kegalle, Ratnapura, Badulla, Kandy, Matara, and Galle. The central hills
districts of Nuwara Eliya, Badulla, Kandy, Matale, Kegalle, Ratnapura, and Kalutara,
as well as the southern hills districts of Matara, Galle, and Hambanthota, are known
as highly landslide susceptible areas in Sri Lanka. Landslides are especially dangerous
in an area of 20,000 km2 [2].

The term "landslide™ encompasses a wide variety of mass movements and processes
involving the downward displacement of masses of rock, earth, or debris due to gravity
[3]. Soil slips, mudslides, rock falls, rockslides, rock avalanches and rubble flows are
just some of the possibilities [4]. Landslides can also be observed in five different

terrain types, according to [5]:

Areas in the uplands that are prone to earthquakes
e Mountains with a lot of relative relief

e Areas with thick deposits of fine-grained materials
e Areas that receive an intensive rain

e Moderate-relief areas with extreme land degradation



Landslides may also be triggered by natural events such as earthquakes, heavy rains,
snowmelt, and volcanic eruption. In humid tropical areas, this phase stands out even
more. Human disturbances, such as land-use changes, deforestation, excavation,
changes in slope profile, or irrigation, cause some destructive landslides, and human

activities are increasingly playing a role in the hazard's causation. [6] [7].

Land planning and management, on the other hand, can be useful in reducing the social
and economic damages caused by landslides [8]. As a consequence, assessing and
forecasting landslide-prone areas is important. Reviewing previous landslide records

in conjunction with landslide-related factors may aid in this mission.

As a result, using remote sensing data and other terrain features to identify landslide
prone areas are critical for ensuring long-term growth sustainability while reducing
the risk of landslide disasters. Landslide susceptibility mapping can be used to
determine the risk of a landslide occurring in a specific location. The likelihood of a
landslide occurring in a given region is known as landslide susceptibility [9].

1.2 Landslide Susceptibility Mapping

According to [10], The likelihood of a landslide occurring in a given area as a result
of local terrain conditions, rather than the probability of occurrence, which is based on
the occurrence of triggering factors, is referred to as landslide susceptibility. Landslide
assessments are also used to establish land use laws aimed at reducing the number of

human losses and property damage [11].

The monitoring and analysis research has been made easier because people are
becoming more conscious of the socioeconomic impacts and pressures of urbanization

[12]. There are five types of landslide susceptibility mapping methods available [13]:

1) Analysis of landslide inventories
2) Process-based conceptual models
3) Heuristic methods

4) Direct geomorphologic mapping



5) Statistical methods, including technologies like neural networks, fuzzy logic,
and expert systems.

Based on a collection of internal causative factors, landslide susceptibility mapping
aims to classify places where landslides occur across an area.

1.3 Problem Definition

Floods, landslides, cyclones, droughts, wind storms are some of main causes for
natural disasters. Nowadays, it is increasing the occurrence of landslide in the hill
countries and urbanized areas. So that it is a tremendous risk for existing people and
for existing built environment. Mostly, the landslide areas like Nuwara Eliya, Badulla,
Hali-ela and Rathnapura districts are highly susceptible for landslides. And it causes

massive amount of continuous and severe landslide problems during rainy seasons.

According to surveys, the majority of the landslides occurred in mountainous areas.
So, one main reason for landslide is human intervention and human activities. As a
result, identifying landslide-prone areas is very important in land use planning and
human protection. Accordingly, the Landslide Susceptibility Maps is an essential
requirement for several purposes. Since, the occurrence of landslide is a serious
problem for development of a country especially for a developing country like Sri

Lanka.
1.4  Research Objectives

The main objective of this research was to construct and evaluate landslide
susceptibility using the best data science approaches. It was applied to the dataset

which was collected from Rathnapura districts in Sri Lanka.

The following goals were chosen for this research study in order to achieve the above

main objective.

1. Explain the relationship between landslide frequency and causative factors
using the spatial database that has already been developed for the Rathnapura

District in Sri Lanka.



Using remote sensing and terrain data, modeling a landslide susceptibility map

for Sri Lanka.
. Assist in reducing the risk of landslides and ensuring proper land use planning

for Sri Lanka's future development.



CHAPTER 2: LITERATURE REVIEW

This chapter offers a brief overview of the current state of landslide disaster research
and forecasting activities both internationally and in Sri Lanka. Furthermore, this
chapter thoroughly examines and compares the major techniques utilized for
landslide susceptibility mapping. It highly focuses on data science approaches for
landslide prediction and landslide susceptibility mapping. Following that, it explains

why landslide susceptibility mapping is crucial for Sri Lanka.
2.1 Introduction

Landslide is an extremely unpredictable natural hazard which arises suddenly
provoking enormous casualties to the surrounding. If a system exists to reliably
predict the likelihood of a landslide, the number of casualties and property damage
may be reduced. The landslide, in contrast is based on a huge number of factors, the
relationships of which we are unaware. As a consequence, forecasting landslides with

both spatial and temporal precision is not a simple or straightforward task.

Landslide susceptibility map (LSM) is a static method which is used to calculate the
probability of a landslide at a specific location. Another dynamic approach is a
dynamic landslide prediction framework that can produce temporal warnings based

on continuously updated data.

Landslides can be influenced by a variety of factors. As a result, defining the
relationship between supporting factors will aid in landslide prediction. This chapter
focuses on the literature regarding the landslide disaster in Sri Lanka, landslide
prediction systems, landslide susceptibility techniques which are in Sri Lanka as well

as in worldwide
2.2 Landslide Disaster Risk Reduction in Sri Lanka

Several studies have been performed on the landslide disaster in Sri Lanka. The
NBRO (National Building Research Organization) is the leading research and
development institute which was established in 1984 in Sri Lanka. It has now



developed into a prosperous professional service provider, with experts from different
disciplines working to create a disaster-free built environment for Sri Lanka. So
NBRO has carried out lots of research studies related to landslide disaster in Sri

Lanka.

According to the NBRO, the landslide risk reduction program in Sri Lanka has a
cyclic process as shown in figure 2.1. It mainly includes three stages as (1) pre-
disaster stage, (2) response stage and (3) post disaster stage. Risk assessment,
mitigation and preparedness are the main activities in the pre-disaster stage. In the
response stage rescuing and securing the human life and infrastructure is carried
out. Eventually, assessment of the damages and restoration of infrastructure

are carried out under post disaster stage [14].

Risk Assessment
@ Mitigation/Prevention
N

Risk Assesment M itigation/Prevention

~

Warning/Evacuation

Ongoing Developments Activities

-

Saving People

B

Economk & Social Recovery Providing Immediate Assistance

>

Reconstruction of Resettlement / Relocation x O e

Restoration of infrastructural Services

Figure 2.1: Landslide disaster risk reduction process in Sri Lanka

Preparation of landslide hazard zonation maps, building a system of early warning
based on automated rain gauges, conducting community awareness and taking
structural mitigatory measures are several preparation activities which were carried
out in the pre-disaster stage in Sri Lanka. Issuing early warning considering real time
rainfall is a kind of prevention activity practiced in Sri Lanka. Eventually, human
involvement is highly used for the post disaster stage in rescuing, evacuating,

temporary resettling and facilitating activities.



2.3 Landslide prediction systems in Sri Lanka

Recently, Artificial Neural Network (ANN) is widely used in many computer
applications. As a result, ANN is used in the prediction of landslides and the
application of modern technology to forecast landslides in influential geographical
areas. A study [15] was conducted on landslide prediction using Artificial Neural
Networks, with an emphasis on the landslides in Sri Lanka's Badulla district. Using
existing topographic data such as irrigation, land cover maps, soil, and historical data,
a landslide database was developed for this research. Subsequently, this study has
identified twelve most prominent factors including external and internal factors which

affect for landslide occurrence.

Following that, using ANN, these variables were used to detect the risk of landslides.
External factors included data from the metrology department and historical data,
while internal factors included current maps [15]. During the training session, this
network learns the relationship between landslide factors and their hazard index. They
have used three different output classes: landslide occurs, landslide does not occur,
and landslide likely to occur. According to the results, the above approach had a high

prediction rate of 83% accuracy [15].

The study [16], has developed a landslide prediction model using Decision Tree and
Neural network data mining techniques for Badulla and Nuwara Eliya districts in Sri
Lanka. According to this study, the Decision Tree model outperformed Neural

Network model.
2.4 Landslide Susceptibility Mapping Techniques

A LSM depicts the probability of landslide occurrence in a particular location, ranging
from low to high, and is focused primarily on terrain information. There are various
factors which are affected for the landslide. These factors are divided into three

categories: topographic factors, water-related factors, and human behavior.

It's difficult to express which factors have a greater effect on landslides than others

without a thorough review. Recognizing the most important factors and training a



model that can establish a connection between them is the most challenging part of
15 creating an LSM. Preferably, an anticipated method should be able to make
accurate predictions regardless of the training data set’s nature whether it is biased or

balanced. Or else, the model's scalability would be compromised.
2.4.1 Landslide Susceptibility Mapping

The [17] [18] [19] [20] [21] [22] research studies are among methodologies
for landslide susceptibility assessment. The current landslide susceptibility mapping

methods can be divided into five groups, according to [17] research:

(1) Analysis of landslide inventories

(2} Heuristic methods

(3) Statistical methods like neural networks, fuzzy logic and expert systems
(4) Direct geomorphologic mapping

(5) Process based conceptual models.

Furthermore, several research studies have categorized them into two main types:
qualitative (heuristic) approaches and quantitative approaches.

The heuristic approach is based on domain experts' opinions. During this method,
experts evaluate the weighting values for landslide causative factors. The
probabilistic approach was used to analyze data from remote sensing, observations,
and collected data, as well as historical research findings. In the statistical method,
combinations of causal factors are calculated statistically, and potential landslides are

forecasted using historical evidence.

To investigate landslide vulnerability in Vietnam, researchers [23] used data mining
techniques such as support vector machines, decision trees, and nave bayes models.
The study used a total of 118 landslide data sets. They've also divided the data into

70% training data and the rest test data at random.

The aim of the [24] was to figure out the most excellent method for landslide
susceptibility modeling in data-scare situations. They used 418 landslide inventories
and 18 landslide conditioning variables, which they studied. They used SVM,



Random Forest, Weight of Evidence, Ridge Regression, and Robust Regression
models to construct five susceptibility maps for each experiment. According to the
findings, the SVM model had the maximum accuracy (AUC = 0.85). Furthermore,
16 because of the smaller number of sample data used for training, the WoE and RF

models were seriously harmed.

For modeling landslide vulnerability in China, the [25] research study also used GIS
based ML techniques. For susceptibility modeling, researchers compared four
advanced machine learning techniques: Logistic model tree (LMT), Random Forest
(RF), Bayes Net (BN), and Radical Basis Function (RBF). For landslide susceptibility
modeling, fifteen factors were prepared, and historical data was used to identify 222
landslide locations. Finally, the model was validated with the help of ROC and
statistical measurements such as sensitivity, specificity, and accuracy. Among above

models, the RF outperforms other methods.

In the [26] research report, various ensemble-based machine learning models such as
AdaBoost, LogitBoost, Multiclass Classifier, and Bagging models were used to
propose a landslide susceptibility map for South Korea. Figure 2.2 shows how the
observed landslide points were fed into the digital elevation model (DEM) data for
spatial processing.

128°45'0"E 128°50'0"E

Kilometers

0051 2 3 4

A

37°50'0"N

@ Landelide Validation

Landslide Training

37°45'0"N

[ 215- 467
I 468 - 1145

Figure 2.2: Digital elevation model and landslide occurrence in the study area



To create and test the landslide models, the landslide inventory and 20 conditioning
factor maps were converted to ASCII format with a 30m cell scale. The positions of
all landslides measured with ArcGIS version 10.41 were separated into two groups
as 70% for training and 30% for testing. The validation was carried out using the
AUC method (Area under Curve). The multiclass classifier system, on the other hand,
17 outperformed the Bagging, LogitBoot, and AdaBoost methods in terms of

prediction accuracy

The research [27] used ANN, SVM, and one statistical model, Information Value
Model, to evaluate a landslide inventory database of 493 landslides under 16
conditioning factors (IVM). ANN model achieved higher prediction capability than
SVM and IVM.

AdaBoost and Alternating Decision Tree were used as an ensemble model for
landslide prediction in Malaysia in the study [28]. The model was trained using 152
landslides and 17 different conditioning factors. The AdaBoost model outperforms
the ensemble model and the ADTree model in predicting landslide susceptibility,

according to the findings.

Specially, recently there were several researches carried out on landslide
susceptibility mapping in China [29] [30] [31] [32] [33]. For landslide susceptibility
mapping in China, the research [29] has used several machine learning algorithms
such as Logistic Regression (LR), SVM, Random Forest (RF), Gradient Boosting
Machine, and Multilayer Perceptron (MLP) with GIS techniques. This analysis
included 16 conditioning factors and 502 landslide points. The RF algorithm was
found to outperform the other methods. In the study [30], a neural network model
based on semi-supervised learning is proposed. For the comparison, supervised
machine learning models such as SVM, Logistic Regression (LR), and Deep Neural
Network were used, and the results showed that semi-supervised deep learning
outperformed all other models.

For landslide susceptibility mapping, the study [32] used Random Forest (RF) and
Frequency Ratio (FR) models. According to the study's findings, the FR model is

10



better suited for landslide susceptibility mapping in their research area. Furthermore,
for landslide susceptibility prediction, the study [33] used cluster analysis,
probabilistic approaches, and artificial neural networks (ANN). The weight for each
factor was calculated using ANN, and the ratings of relative importance of each class
belonging to each factor were calculated using the probabilistic method. Finally, the
Landslide Susceptibility Index (LSI) value for each pixel was calculated using the
ratings and weights. These LSI values were then used to model landslide

susceptibility.

The research [34] used Random Forest (RF) and Boosted Regression Tree (BRT)
models to evaluate and compare landslide vulnerability in South Korea. 14 landslide
conditioning factors were selected using the Information Gain method. According to

the findings, the RF model outperforms the BRT model.

2.4.2 Landslide Susceptibility Mapping in Sri Lanka

According to a [35] study, Sri Lanka has recently begun to use the NBRO-developed
landslide hazard zonation (LHZ) map, which is focused on hydrological,

geomorphologic, and geological factors.

There were few researches have focus on Landslide Susceptibility Mapping. The [36]
research study has proposed a landslide susceptibility maps to reduce the damages
which occurs from landslides. And this study has compared statistical models, the
geographically weighted logistic regression (GWLR), and logistic regression (LR)
models. As in other aforementioned studies, this study also has considered nine
relevant causative factors and collected the datasets of Badulla district over 1986 to
2014 years. The GWLR model, however, was chosen as the best of all the other
methods considered in this analysis. Finally, the ArcGIS standard deviation method
was used to identify the probabilities that were obtained for each pixel using models
as Low, Medium, and High. And for each of the three groups, a landslide susceptibility
map was developed. However, this [36] study has only considered the terrain variables

as landslide factors.
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The [37] research study used a logistic regression model for LSM modeling in Badulla
District. All other information was collected from the NBRO Statistics in Sri Lanka.
The likelihood of a landslide occurring using this approach would be equivalent to
observed landslides. To calculate the contribution of each factor to the frequency of
landslides, the weights of each factor were calculated. After combining coefficients of
each, the likelihood of a landslide occurring was calculated, and the LSM was created
using the equation 2.1 and 2.2. Here, “u” is assumed to be a linear combination of
independent variables, and p is the model's output, which is the likelihood of a
landslide. And the coefficients 1, 82, B3 correspond to each component, indicating

their contribution to landslide susceptibility.

P.=e"/(1+e") 2.1)

u= f0+L1x1+32x2+33x3 22)

The resulted map was categorized into four groups as low, moderate, high and
extremely high susceptibility classes. The validation experiment was carried out by
comparing the Logistic Regression findings to those from an external dataset.
According to the study, approximately 20% of the district is highly vulnerable to
landslides, 40% is moderately vulnerable to landslides, and 40% is low susceptible to

landslides.

It proposed a generalized ensemble-based machine learning method for susceptibility
mapping for the Sri Lankan district of Rathnapura in [38]. Random Forest, XGBoost,
and rotation forest were among the machine learning algorithms used. As a
consequence of the study's findings, the XGBoost approach outperforms the other
approaches. As a result, the Random Forest classifier results were used to build a
landslide susceptibility map. There they have created a prediction matrix based on
random forest classifier and that prediction matrix was used to create a susceptibility

map using ArcGIS software.
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Moreover, the study [39], has done a study on landslide susceptibility in Kaluthara
district, Sri Lanka with the use of 12 landslide conditioning factors: slope, aspect,
geology, hydrology, soil type, soil thickness, land use, landform, sediment transport
index, topographic wetness index, stream power index and rainfall. The Random
Forest algorithm was used to model landslide susceptibility prediction using the

frequency ratio and information gain ratio.

2.5 Summary

As mentioned above, these are some of the data science-based approaches for
landslide prediction and susceptibility mapping that have been suggested in Sri Lanka
and other countries. In addition, table 2.1 compares among the aforementioned data
science-based Landslide Prediction and Landslide Susceptibility Mapping

approaches.

According to the table 2.1, most of the researches have used different types of
machine learning algorithms and statistical methods for this purpose. But most of the
researches didn’t consider more than 3 ensemble machine learning algorithms
together for the landslide prediction and for landslide susceptibility mapping. And
almost all researches have used ArcGIS software to generate LSMs. In other words,
for they didn’t use Machine learning approaches for doing the susceptibility class

classifications.

13



Table 2.1: Comparison between Data Science based Landslide Susceptibility

approaches
Landslide
Prediction Accuracy
and Landslide Dataset used Algorithms used .
- Achieved
Susceptibility
Approaches
Factors including External
and Internal factors
e Rainfall
e Geology
e Aspect
e Slope
e Curvature * ’:al;lol\;rg;z
o
possibility accuracy
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* Datafrom landslides)
Metrology
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o Historical data
Internal Factors
¢ EXisting maps were used
to capture internal factors
e 118 Landslide data
o 70% - Training data
o 30% - Test data . SVM
* Factors e Decision .
o Slope Aspect Tree e High
[23] o Slope angle . Naive Accuracy
o Relief amplitude Bayes (using
o Lithology SVM)
o Distance to faults
o Distance to roads
o Landuse
o Rainfalls
e SVM
e 418 landslide e Random e AUC=
[24] inventories Forest 0.85 (Hight
e 18 landslide ¢ Robust Accuracy
conditioning factors Regression using
e Ridge SVM)
Regression
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ANN ANN
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CHAPTER 3: STUDY AREA

Sri Lanka is an island in the Indian Ocean and has a total area of 65 610km2, with 64
740km? of land and 870km? of water. According to estimates, Sri Lanka is one of the

world's most disaster-prone nations.

Sri Lanka is divided into 9 provinces by 25 districts. Figure 3.1 shows that the most
of landslides tend to occur only in the Southern, Uva, and Central provinces,
especially in districts: Rathnapura, Nuwara Eliya, Badulla, and Kegalle, which are
Sri Lanka's most landslide-prone districts. Figure 3.2 shows that the Rathnapura
district, in comparison to other districts in Sri Lanka, is more vulnerable to landslides.

As a result, the focus of this research is on Sri Lanka's Rathnapura districts.
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Figure 3.1: Spatial Distribution of Landslides [43]
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3.1  Study Area: Rathnapura district

Ratnapura is a district in Sri Lanka's Sabaragamuwa Province. It is situated between
the latitudes of 6.53° and 6.55°, and the longitudes of 80.33° and 80.48°, in a mountain
range with steep slopes. Even during the driest months, Rathnapura receives a large
amount of rainfall. Rathnapura district has an average annual temperature of 27.1°C
and an average rainfall of 3679mm [44]. Figure 3.2 depicts the landslide maps of the
Rathnapura district, according to Sri Lanka's National Building Research
Organization (NBRO).

Figure 3.2: Landslide Map in Rathnapura District

Following are the different types of hazards that have been observed in the study area.
e Cutting Failure
e Potential Landslide
e Rockfall + Debris flow
e Old landslide
e Slope failure
e Debiris flow
e Landslide cum rack fall
e Rockfall
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CHAPTER 4: EXPERIMENTS

This chapter discusses about the dataset and the experiments done on the study.
41  Experiments on Dataset

The landslide dataset was collected from different data sources. The majority of the
data was gathered by surveying and the development of maps from DEM. All of the
surveys were carried out by the NBRO (National Building Research Organization of
Sri Lanka), and the results were shown in GIS polygon maps. Overburden, slope,
landform, hydrology, land use, and historical landslide locations are among the maps
included. The US Geological Survey produced a DEM (Digital Elevation Map).
Furthermore, the Vegetation index map was generated using the US Geological

Survey's satellite images and the normalized differential vegetation index (NDVI).

By analyzing the variation of slope in the region, the DEM was used to establish the
area's stream network. The distance between a cell and the closest stream was then
measured. The annual rainfall data map for the Ratnapura area was generated by
aggregating precipitation from the Dark Sky API [15] on a regular basis throughout
the year.

Then a spatial database has been created using GIS maps for each factor such as
Rainfall map, elevation map, aspect map, etc. The maps were then converted to
ArcGIS raster maps with a 10m x 10m cell resolution. Each layer reflected a single
factor's spatial distribution. To model the study field, each cell value was used to create
a matrix, with each column representing a factor. Machine learning models were also
trained using this matrix. By definition, the observations were made on a cell-by-cell

basis.
4.2 Causative factors of landslide

Identification of the most important landslide conditioning factors is highly important
for having better landslide prediction and accurate landslide susceptibility map

modeling. Ten landslide conditioning factors were chosen for this analysis
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(APPENDIX A) based on the feature selection method and previous studies, including
slope, rainfall, land use, distance-to-water-streams, elevation, drainage density,

catchment, vegetation, overburden, and landform.

The derived feature maps for the selected study area are shown in APPENDIX A.
Table 4.1 shows the origins of the landslide conditioning factors that were used in the

previous research [38].

Table 4.1: Landslide conditioning factors with their corresponding sources

Factor Source

Distance to water streams Derived map from DEM
Annual rainfall Dark Sky API
Vegetation Index Derived from Land sat images
Elevation U.S Geological Survey
Overburden NBRO Sri Lanka
Aspect Derived map from DEM
Curvature Derived map from DEM
Water Catchment area NBRO Sri Lanka
Drainage Density NBRO Sri Lanka
Landform NBRO Sri Lanka

Land use NBRO Sri Lanka

The following are brief explanations of the collected causative features that were used

in this analysis.
4.2.1 Slope

Due to soil instability and stresses, the slope is considered one of the important factors
for the occurrence of landslides with sharp slopes. The slope angle was divided into

five groups in this analysis, as shown in table 4.2.
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4.2.2 Land use

The use of land resources is portrayed on a land-use map. For example, land in rural
areas can be used for agriculture, forestry, or water bodies at the same time as land in
urban areas is used for industrial purposes or housing. Land use feature was divided

into three classes in this study.
4.2.3 Water Catchment

This contains information on water catchment areas. This is the area where the water
is collected by the natural landscape. This was divided into four categories, ranging

from low to high catchment.
4.2.4 Landform

Landform is about the natural characteristics of the soil surface. This falls under the
heading of topographical characteristics. This is divided into four groups, ranging from

low to high.
4.2.5 Vegetation

The Normalized Differential Vegetation Index (NDVI) was calculated on land sat
images given by the United States Geological Survey. The vegetation index is a metric
for assessing the health of live plants in a given region. It also has a major effect on
the occurrence of landslides. This study was divided into eight different categories.

4.2.6 Elevation

The elevation distribution of an area is defined by a digital elevation model (DEM).
Landslides are more likely to occur at high elevations. The US Geological Survey
gathered the elevation data. This has been divided into five sub classes.

4.2.7 Distance to water streams

The likelihood of a landslide was boosted by nearby streams, roads, and other

structures. Using ArcGIS, this was divided into eight categories.
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4.2.8 Overburden

Overburden [45] refers to the substance that lies over an area that lends itself to
economic exploitation, such as the rock, soil, and ecosystem that lies above a coal

seam or ore body. This has been divided into 18 categories.
4.2.9 Drainage Density

According to previous research [45] [46], raising the density of the drainage network
causes an increase in the number of landslides. There are five distinct classes of

drainage density.
4.2.10 Annual Rainfall

The most common cause of landslide occurrence is heavy rainfall. The Rathnapura
region's annual rainfall data map was generated by accumulating precipitation from
the Dark Sky API [47] on a regular basis throughout the year. There are 13 different

categories of annual rainfall.

Table 4.2 represents the classification of the selected conditioning factors for this
research. It includes the factors that cause landslides, the number of classes, and the

class ranges.

23



Table 4.2: Classification of causative factors

Factor Classification

Annual (1) 0.021-0.0213 (2) 0.0213-0.0216 (3) 0.0216-0.0218 (4) 0.0218-0.0221

rainfall (5) 0.0221-0.0224 (6) 0.0224-0.0227 (7) 0.0227-0.0230 (8) 0.0230-0.0234
(9) 0.0234-0.0237 (10) 0.0237-0.0240 (11) 0.0240-0.0242 (12) 0.0242-
0.0244 (13) 0.0244-0.0246

Land use (1) 1-12 (2) 12-30 (3) 30-255

Distance to (1) 0-395.5551 (2) 395.5551-824.0731 (3) 824.0731-1252.5911 (4)

water streams

1252.5911-1697.5906 (5) 1697.5906-2142.5901 (6) 2142.5901-2637.0340
(7) 2637.0340-3197.4037 (8) 3197.4037-4202.7730

Elevation (1) 81-221 (2) 221-301 (3) 301-404 (4) 404-545 (5) 545-65535

Water (1) 0-0.07 (2) 0.07-0.2 (3) 0.2-0.5 (4) >0.5

catchment

area

Drainage (1) 0.00004-2.3605 (2) 2.3605-5.9012 (3) 5.9012-9.9139 (4) 9.9139-

density 15.8151 (5) 15.8151-60.1916

Vegetation (1) 0.0188-0.0923 (2) 0.0923-0.1503 (3) 0.1503-0.2063 (4) 0.2063-0.2604
(5) 0.2604-0.3126 (6) 0.3126-0.3590 (7) 0.3590-0.3996 (8) 0.3996-0.5117

Slope (1) 1(2) 2 (3) 3(4) 4 (5) 5-255

Overburden | (1)1(2)2(3)3(4)4(5)5(6) 6 (7) 7(8) 8 (9) 9 (10) 10 (11) 11 (12) 12 (13)
13 (14) 14 (15) 15 (16) 16 (17) 17 (18) 18

Landform (1) 1-7 (2) 7-11 (3) 11-15 (4) 15-255

4.3  Preparation of the training and validation datasets

Landslide dataset contains binary classification where a landslide's pixel is divided

into two categories ("landslide” and "non-landslide"). Pixels that are part of a landslide

are given the value "1," and those that aren't are given the value "0". The Rathnapura

study area consisted of 1,200,000 position points or pixels, 5369 of which were

landslide pixels and the rest were non-landslide pixels. However, 70% of the dataset

was chosen at random to be used for training, and 30% was chosen at random to be

used for validation.
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4.4  Experiments on existing methodologies

As mentioned in the literature review section also there are lots of researches were
carried out on landslide prediction and landslide susceptibility map modeling.
According to the literature most of the researches have used normal machine learning
methods such as Linear Regression, SVM, Naive Bayes and etc. Meanwhile some of
the researches have used ensemble machine learning models as Random Forest,
XGBoost and etc. Somehow none of them have used more than three ensemble
machine learning algorithms together for landslide prediction. So, it one approach that

| focused in this research.

When it comes to landslide susceptibility modeling, all most all the researches have
used ArcGIS software for landslide susceptibility map modeling while using machine
learning models. So that this research tried to focus on using a semi supervised
machine learning method for landslide susceptibility map modeling. And since some
of the researches have used statistical methods such as Frequency Ratio method for
landslide susceptibility map modeling, this research also tried to use Frequency Ratio
method newly for Sri Lanka. And it was used for landslide susceptibility map

comparison with machine learning model results.

And importantly there is no landslide prediction tool for Sri Lankan authorities to
check the severity of landslides. So nicely this research was tried to introduce a user-
friendly web application for visualizing landslide data, LSMs and landslide causative

factor data.
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CHAPTER 5: METHODOLOGY

This study considered establishing a semi-supervised machine learning-based
susceptibility map for Sri Lanka. Meanwhile, a traditional statistical Frequency Ratio
(FR) method was developed for comparison. Mainly the most important ten landslide
conditioning factors were selected for this study. The flow chart which was used in
this study is shown in figure 5.1. Moreover, the methodological framework of this

study mainly includes the following sub-sections (figure 5.1).

1. Landside causative factor selection.

2. Landslide Prediction using Ensemble Machine Learning methods.

3. Landslide Susceptibility Modeling using semi-supervised machine learning model
and using Frequency Ratio model.

4. Landslide prediction evaluation using precision, recall, F-score, and accuracy and
Landslide Susceptibility Map Validation using Landslide Density value.

5. Verification and comparison of two Landslide Susceptibility models.

Along with that, the data preparation was handled initially. Then the landslide
causative factor selection was carried out. Afterward, the landslide prediction was
carried out followed by susceptibility map construction using Ensemble-based
Machine Learning methods such as Bagging and Boosting methods. Ensemble-based
methods were used for this purpose, as it combines several base models to produce

one optimal model. And it will decrease the variance and bias.

Model validation is one of the critical phases of data science-based studies. It's crucial
to check whether the model is correctly tailored to the training data without overfitting
or under-fitting. According to the prior researches, the dataset has been divided into
two parts as 70% and 30% from the whole dataset. 70% of landslides data was used
for training purposes and 30% of landslides data was used for validation purposes.
And accuracy, f score, precision, and recall will be used as measures for the landslide
prediction model validation while Landslide Density value was used for the Landslide

Susceptibility Model validation.
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Several programming languages and software tools were used in this research. Mainly
python language was used for machine learning model building and Frequency Ratio
method implementation. In addition to that, ArcGIS 10.4 software tool was used for
susceptibility classification in the Frequency Ratio model. Furthermore, Angular,
NodeJS, and CesiumJS were used to implement the landslide visualization web

application.
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51 Landslide Causative factor selection

When using machine learning models to predict landslide susceptibility, the results are
heavily reliant on the input features and their accuracy [23]. Selected characteristics
may or may not play a role in the occurrence of a landslide. Features with noise, also

known as low-quality features, will damage the eligible model's predictive abilities.

To achieve higher precision, features with a high impact on landslide incidence should
be identified, and features with a very low impact should be omitted from the training
set of features. In this research, several feature important methods such as the tree-
based feature importance method, and information gain feature selection methods were
used to measure the predictive capability of conditioning factors. These methods are
important for identifying the most important factors and improving a machine learning

model's overall classification accuracy.

5.1.1 Tree based feature important methods

Both Random Forest Feature Importance method and Extra Trees can be used to
estimate the importance of features. However, this “ExtraTreeClassifier” learning
method is based on decision trees. This Feature importance values assigns a score to
each dataset factor. The factor is more significant or related to the output variable the
higher the score. In Python, Tree-based Classifiers have an inbuilt class called Feature
Importance. Here the “ExtraTreeClassifier” from the "sklearn" library in python has
been used for extracting the most important 10 features out of all the features. The

parameters used in this "ExtraTreeClassifier” are listed in Table 5.1.
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Table 5.1: ExtraTreeClassifier parameters

Parameter Parameter description Parameter value
boostrap Whether bootstrap samples are used when building false
trees. If False, the whole dataset is used to build each
tree.
criterion The function to measure the quality of a split. gini
Supported criteria are “gini” for the Gini impurity
and “entropy” for the information gain.
n_estimators The number of trees in the forest. 100
class_weight The “balanced” mode uses the values of y to balanced
automatically adjust weights inversely proportional
to class frequencies in the input data.
5.1.2 Information Gain (IG) factor selection method

One of the most effective feature selection algorithms is the information Gain (IG)
feature selection process. It splits the dataset according to the value of a random
variable and calculates the reduction in entropy or surprise. Here the
“feature_selection.mutual_info_classif” from the "sklearn" library in python has been

used for extracting the most important 10 features out of all the features. The

parameters used in this method are listed in Table 5.2.

Table 5.2: Information gain feature selection classifier parameters

Parameter Parameter description Parameter
value
X Feature matrix Input array
y Target vector Output array
discrete_featur | If bool, then determines whether to consider all auto
es features discrete or continuous. If array, then it
should be either a boolean mask with shape
(n_features,) or array with indices of discrete
features. If ‘auto’, it is assigned to False for dense
X and to True for sparse X.
n_neighbors Number of neighbors to use for Ml estimation for 3
continuous variables
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copy Whether to make a copy of the given data. If setto | true
False, the initial data will be overwritten.

random_state | The seed of the pseudo random number generator none
for adding small noise to continuous variables in
order to remove repeated values.

5.2  Re-Sampling Techniques for Class Imbalance Issue

In Machine Learning, particularly in classification problems, class imbalance is a
common problem. There is a class imbalance problem when one class's observation is
higher than the other classes' observation. Class imbalance can hamper the accuracy

of machine learning models.

If the dataset is unbalanced, predicting the majority class has a reasonable chance of
achieving high accuracy. However, it fails to capture the majority class. In other words,
accuracy is not an appropriate measure for a study which is having imbalanced
datasets. The landslide dataset which is used in this study is highly imbalanced since
there are very few landslide locations when compared with the non-landslide locations
(Figure 5.2).

landslide ‘ ‘ ‘ ‘

non-landslide

0 200000 400000 600000 800000 1000000 1200000 1400000

MNumber of Pixels

Figure 5.2: Landslide distribution

Therefore, before using the imbalance dataset it is important to take appropriate actions
for this class imbalance problem. "Re-sampling” [51] is a commonly used method for
working with highly imbalanced datasets. It entails a variety of methods, including
eliminating samples from the majority class (under-sampling) and adding more data

to the minority class (over-sampling). The following are a couple of these processes.
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e Random under-sampling (down-sample the majority class)
e Random over-sampling (up-sample the minority class)

e Synthetic minority oversampling technique (SMOTE)

e Change the performance matrix

e Penalize algorithms (Cost-Sensitive Training)

e Change the algorithm or Use Tree-Based Algorithms

Both “Penalize Algorithms” and “Change the Algorithms methods” techniques were
used in this study for re-sampling the landslide. Accordingly, a detailed description of

those two techniques is given below.
5.2.1 Penalize Algorithms (Cost-sensitive Training)

For the minority community, this approach raises the cost of classification errors.
Penalized-SVM is one of the most widely used algorithms. We may use the
class_weight="balanced' claim during the training process to penalize errors in the
minority class. If we want to allow probability estimates for the algorithm, we can use

the argument probability=True.
5.2.2 Change the Algorithms or use Tree-based Algorithms

While working with Machine Learning related tasks or problems, it is an outstanding
way to use a variety of algorithms, most of the time it may be beneficial with class
imbalance datasets. Especially, decision tree algorithms frequently work well on
imbalanced datasets. Furthermore, modern tree ensembles (Random Forests, Gradient
Boosted Trees, and so on) almost always outperform single decision trees and can be
used to fix the problem of class imbalance.

So, within this study aforementioned two techniques have been carried out as a

solution for the class imbalanced issue in the landslide dataset.
5.3 Landslide Prediction Modeling

One of the primary goals of machine learning is to build a model which represents the
incompletely understood or most complex relationships between the target variables
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and the data [48]. “Supervised” and “unsupervised”” machine learning algorithms are
the two main types of machine learning algorithms.

The main purpose of supervised algorithms is to construct a machine learning model
that connects known inputs and unknown outputs. As a result, the performance values
for a new data set can be predicted using previously learned relationships from labeled
training data [49]. Classification and regression algorithms are the two most popular
types of supervised learning algorithms. The proposed output of the classification
method is a semantic class or a name. So, for the problem of identifying potential
landslides, the classification will label each pixel of a map as "landslide” or "non-

landslide™. In contrast, regression aims to predict a continuous variable.

However, to improve performance, some powerful learners have evolved. Those are
called “ensemble learning”. Bagging, which reduces uncertainty, boosting, which
reduces bias, and stacking, which increases prediction, are the key ensemble learning
methods. [50] [51].

In contrast, unsupervised learning methods were used to discover patterns in unlabeled
results. Clustering commonly used unsupervised algorithm, which groups data based
on similarities. Moreover, another technique is dimensionality reduction and it reduces

the variance in the dataset and removes outliers.

Among these techniques, classification and clustering techniques were used for
landslide prediction and landslide susceptibility map modeling. Mainly, five ensemble
machine learning algorithms which include both bagging and boosting algorithms
were used for landslide prediction and landslide susceptibility in this study: Random
Forest, Bagged Decision Tree, AdaBoost, XGBoost, and Gradient Boost algorithms.
And as a clustering method, K means clustering was used for clustering the resultant

classification outputs. Those algorithms are briefly described in the below section.
5.3.1 Random Forest Algorithm

It is an ensemble decision tree classifier which can be used for classification and

regression which consisting of large number of individual decision trees [52] [53]. The
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RF operates as an ensemble by generating uncorrelated decision trees to produce more
accurate prediction results. Each RF tree is generated by re-sampling a random subset
of the variable at each [53]. The majority vote of all trees decides the class relationship
("landslide™ or "non-landslide™) [54].

Furthermore, landslide susceptibility was assessed using "RandomforestClassifer"
[55] in "scikit-learnl machine learning library" Because of its high performance in
landslide susceptibility assessment, the RF algorithm has been widely and effectively
used for landslide prediction and landslide susceptibility map modeling all over the

world.
5.3.2 Bagged Decision Tree (BDT) Algorithm

Both Random Forest and Bagged Decision Trees [56] are bagging ensemble
algorithms. Bagging is a simple ensemble-based algorithm that can be applied to
treebased algorithms to increase prediction accuracy. Bagging ensemble methods are
useful for algorithms with high variance. One of the best algorithms are the decision

tree algorithm. However, BDT is rarely used for landslide prediction.

Usually, bagging ensemble approaches work well for high-variance algorithms, the
best of which is the decision tree algorithm. In this analysis, the bagged decision tree
ensemble model was developed in the landslide dataset using the sklearn
BaggingClassifier function and DecisionTreeClasifier (a classification and regression

trees algorithm).
5.3.3 Extreme Gradient Boosting (XGBoost) Algorithm

It is known as one of the best performing supervised learning algorithms and it is an
implementation of Gradient Boosting Machines. It can be used to solve both regression
and classification problems. Most of the data scientists are using this algorithm as it
has higher execution speed when it compares with its core computation. And in the

boosting process of XGBoost, it runs cross validation at each iteration.
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As, XGBoosts algorithm is having excellent performance, it has become one of the
greatest algorithms among all the other algorithms [57]. Moreover, XGBoost

algorithm has been used in a few landslide susceptibility-related studies.

However, the most critical part of XGBoost modeling is the basic training phase.
XGBoost contains several hyper parameters like learning rate, tree depth and
subsample [58]. However, the GridSearchCV function in the "scikit-learn” machine
learning library of the Python 3.5 programming language was used to build the
XGBoost algorithm for this study. A total of 1000 trees were used, with the learning

rate set to 0.1 to prevent over fitting and the tree's maximum depth set to 3.

5.3.4 AdaBoost Algorithm

Freund and Schapire introduced AdaBoost (“Adaptive Booting™) as also an ensemble
based algorithm in 1997 [59]. It is a common boosting algorithm. It iteratively creates
individual classifiers. Furthermore, AdaBoost selected training samples using an
adaptive re-sampling technique. This assigns a weight value for dataset in each

iteration and in next iteration it assigns a new weight for misclassified once.

The weighted average of all classifier base models yielded the final one. The AdaBoost
model is developed using the Python programming language in this study. This

approach increases efficiency significantly, but it can also lead to over fitting.

In terms of generating classifiers on new data, boosting outperforms bagging. On the
other hand, it can sometimes fail in practice by generating a classifier with a lower
success rate than an individual classifier created from the same database. According

to AdaBoost, the joint classifiers have a major impact on the results.

5.3.5 Gradient Boosted Tree (GBRT) Algorithm

GBRT is another ensemble algorithm that uses a combination of boosting and
regression techniques to increase model accuracy and reduce variance. The GBRT
algorithm, like the RF method, uses a random subset of variables to identify different
decision trees in order to improve prediction accuracy. RF employs the bagging

process, which ensures that each event has an equal chance of being chosen in
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subsequent samples. The GBRT, on the other hand, employs the boosting process,
which involves weighting the input data in subsequent trees [60].

In a GBRT algorithm, specially, two parameters: tree complexity and learning rate are
needed to be defined. The number of splits in each tree is determined by tree
complexity, while the learning rate determines the number of trees to be created. This
research used the GBRT technique to equate it to other ensemble algorithms and to

model landslide susceptibility.

Here, the Gradient Boosted Tree model was developed using the
GradientBoostingClassifier class in sklearn library. There, it used maximum number
of estimators as 20, max_features as 2 and max_depth as 2 within this model.

So, the table 5.3 summarizes the details on five different ensemble classifiers. It clearly
indicates a description about the classifier, the parameters and the parameter values

which were considered within this study.

Table 5.3: Classifier Parameters

Classifier Description Parameters

Random Using RandomForestClassifier class in random_state: O,

Forest sklearn.ensemble library n_estimators: 20,
class_weight:

balanced, boostrap:
True, criterion: ‘gini’

Bagged Using BaggingClassifier class in base_estimator:

Decision Tree sklearn.ensemble library DecisionTreeClassifier
(class_weight: ‘balanced”),
n_estimators: 150,
random_state: 123

XGBoost Using XGBClassifier from xgboost. eta: 0.1,
Here xgboost. XGBClassifier is a max_depth: 3,
scikit-learn API compatible class for random_state: 42,
classification. num_parallel_tree: 1000,

class weight: ‘balanced’

AdaBoost Using AdaBoostClassifier class in n_estimators: 30,
sklearn.ensemble library random_state: 7
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GradientBoost | Using GradientBoostingClassifier n_estimators: 20,
class in sklearn.ensemble library max_features: 2,
max_depth: 2,
random_state: 0

5.4  Landslide Susceptibility Modeling

This section describes the landslide susceptibility modeling which were carried out

using a semi supervised machine learning model and using frequency ratio method.

5.4.1 Landslide Susceptibility Modeling using a Semi-supervised machine

learning model

Landslide occurrences are a probability, according to LSM. Each cell of the region is
classified into several risk levels in LSM modeling. In this study, the initial landslide
dataset consists of binary classification data where each cell of the study area was
categorized into two categories as "landslide™ or non-landslide”. But in landslide 39
susceptibility mapping, each cell was classified into six risk levels as Extreme Low,
Low, Moderate, High, Very High, and Extreme High. Most researchers have used
ArcGIS software to reclassify binary classification data into multi-class susceptibility

risk levels.

However, this research focuses on landslide susceptibility map modeling using
machine learning models. Essentially, five-set of ensemble machine learning
algorithms and K-Means clustering algorithm were used for Landslide Susceptibility
Map (LSM) building in this research (Figure 5.1). The LSMs were prepared by
generating class probabilities for the "landslide” class using ensemble machine
learning algorithms and reclassified the dataset into susceptibility classes: Extreme
High, Very High, High, Moderate, Low, and Extreme Low using the K-Means

algorithm.

Most of the researchers that are using classification algorithms were tend to do the
classifications and getting the output classes using any classification algorithms like

Random Forest. It is very common in landslide prediction and landslide susceptibility
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maps related researches as well. All most all the landslide susceptibility researchers
have used machine learning models to predict the output class as Landslide or non-
landslide. Then those researchers have done the landslide susceptibility classification

using ArcGIS software.

But we can get the probability of getting that class rather than getting only the output
class like landslide or non-landslide. In other words, we can get a class probability
value for both landslide and non-landslide classes. For example, in the random forest
algorithm, calculates the probability of the data point of being class "Landslide™ and
internally it checks if that probability value is greater than cutoff or less than the cutoff
value. If it is greater than the cutoff it will assign the data point to class "Landslide" or
else, it will assign to the "non-landslide” class. So here that class probability value
which is given for the "landslide" class was considered in this research. Class
probability values for the "landslide™ class were calculated using ensemble machine
learning algorithms: Random Forest, Bagged Decision Tree, AdaBoost,
GradientBoost, and XGBoost algorithms. After that, all the class probability values for
the "landslide" class were combined for all the pixels in the study area. The class
probabilities were taken by using the “predict_proba()” function using the “sklearn”

library in python.

Using the K-Means clustering algorithm the resultant class probability values were
reclassified into 6 classes: Extreme Low, Low, Moderate, High, Very High, and
Extreme High (Figure 5.1).

5.4.1.1 K-Means Algorithm

K-means [61] (Macqueen 1967) utilize an iterative clustering algorithm to approach
the best groups of aggregated data. The cluster center is defined as the average value
of attributes for all data points in each cluster. The initial step in k-means clustering is
to assign the number of clusters and the initial value for each cluster center. Then,
assign each data point to a cluster center by the rule that the data point is closer to its

grouped center than the other clusters. Finally, the new mean values of all data point
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in each cluster to obtain a new cluster center. This process iteratively happens until the

convergence criteria are satisfied.

So, using this procedure, the class probability values were clustered into six clusters
that equal the susceptibility classes: Extreme Low, Low, Moderate, High, Very High,
and Extreme High (figure 5.1). Then the landslide susceptibility maps were generated
using those clusters using the ArcGIS software tool.

5.4.2 Landslide Susceptibility Modeling using Frequency Ratio (FR) model

Frequency Ratio (FR) is a probability method, for determining the correlation among
the landslide causative feature classes and landslide occurrence [62]. The FR can be
calculated using equation 5.1 [62] [63] [64].

R = 2 = Nslpix / ZNslpix

b Nepix / ENepix

(5.1)

FR = Frequency Ratio

Nslpix = Number of pixels containing landslide in a class
ENslpix = Total number of pixels containing landslide

Ncpix = Total number of pixels in each class in the whole area

ENcpix = Total number of pixels in the study area

Initially, each causative factor was categorized into several classes as described in the
above section 4.1.1. And FR was calculated for each factor class using equation 5.1
for all the selected causative factors. The Frequency Ratio value of 1 is an average
value. And ratio value is greater than one indicates that there is a strong correlation
between the causative factor class and the landslide occurrence. On the other hand, a
lower ratio value indicates a weak correlation between the causative factor and the
landslide occurrence. On the other hand, it means there is a low probability of landslide

occurrence when it is having a lower ratio value.
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APPENDIX B demonstrates the correlation between the landslide location and
landslide conditioning factor classes by showing Frequency values for each factor
class. Higher the Frequency Ratio value means a strong correlation between the

landslide and the landslide factor classes.

After that, the Landslide Susceptibility Index (LSI) was calculated using the derived
frequency ratio values, where the LSI being the sum of each frequency ratio value.
Here LSI value was calculated in two ways. As the first method, LS| was calculated
using equation 5.2, while the second method is considered a weight factor for each
causative factor (equation 5.3). Here the weight factor for each causative factor was

the Information Gain value when derived from the feature selection process.

LSI=Fri+Fro+Frs+ ...+ Fn (5.2)

LSI=Fri Wi +Fro W2+ Frs W3+ ... + Fry, W, (5.3)

According to equation (5.2) and equation (5.3), Fr is the frequency ratio, n is the
number of selected causative factors, LSI is the Landslide Susceptibility Index, and W

is the weight factor for each causative factor.

Based on the ArcGIS Natural Breaks (Jenks) classification method, the LSI map was
classified into 6 classes as Extreme Low, Low, Moderate, High, Very High, and
Extreme High landslide susceptibility classes. So those classified values were used to

implement the landslide susceptibility map.

Furthermore, the following figure 5.3 depict the relationship between the landslide and
causative factors by showing the landslide percentage value over causative factor

categories.
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5.5

Model Validation Techniques

Vegetation (g) Land Use (h) Overburden (i) Landform and (j) Slope maps

One of the most important tasks in machine learning is model validation. The process

of testing the trained model on a test data set is known as model validation. The

evaluation dataset is a subset of the same dataset that is used to construct the training

set. A trained model's generalization capability is thus given.

The model is tested in this analysis by referencing a recorded landslide and comparing

it to the model predictions. The initial strategy was to divide the dataset into two parts:

training and testing.
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In order to ensure that the model is not overfitted, ten-fold cross-validation was used
in this research. And the evaluation was carried out in two steps including binary

classification evaluation and multi-class class classification evaluation.

Following are some of the machine learning model evaluation techniques which were

used in this study.
5.5.1 Confusion Matrix

In classification problems, the Confusion Matrix is a commonly used metric. It can be
used in both binary and multi-class classification problems. A Confusion Matrix
(figure 5.4) is a table that is commonly used to describe a classification model's or
classifier's performance on a set of test datasets for which the true values are known.

Predicted

True Positives False Negatives
TP FN

Actual

False Positives True Negatives
FP TN

Figure 5.4: Confusion matrix terminology

The confusion matrix mainly represents counts from predicted and actual data values.
It contains common terms: True Positive, False Positive, True Negative, and False

Negative. Here it explains the above terms.

e True positives (TP): Predicted positive and are actually positive.
* False positives (FP): Predicted positive and are actually negative.
s True negatives (TN): Predicted negative and are actually negative.

* False negatives (FN): Predicted negative and are actually positive.
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The “confusion matrix()” function, which is part of the “sklearn” library, was used

to build the confusion matrix in this analysis.
5.5.2 Accuracy

When it comes to classification, accuracy is one of the most widely used metrics. The
following formula is used to measure the precision with the use of confusion matrix.
However, since this analysis uses an unbalanced dataset, precision is not a suitable

criterion to use.

TN +TP
TN + FP + FN + TP

Accuracy =
(5.4)
5.5.3 Precision

The percentage of positive instances out of the total estimated positive instances is
known as precision. This is used to determine how accurate the model is when it is

correct.

TP

Precision = ———
FP + TP (5.5)

5.5.4 Recall

The recall is the proportion of positive instances from total actual positive instances.

Recall = ——
TP +FN (5.6)
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5.5.5 F-Score

The harmonic mean of precision and recall is the F-Score. Precision and recall are also
included in this. And, higher F-Score is better for a machine learning model.
Speciallly, F-Score is very useful matrix for classification problems which involves

unbalanced data.

2 * Recall * Precision

F- Score = —
Recall + Precision

(5.7)

5.5.6 Specificity

The proportion of correctly defined negatives is measured by specificity (True

Negative Rate).

TN

Specificity = —————
P Y TN + FP

(5.8)
5.5.7 Sensitivity

The proportion of correctly defined positives is measured by sensitivity (True Positive
rate).

TP
TP+ FN

Sensitivity =

(5.9)

5.5.8 Landslide Density Index (LDI)

The “Landslide Density Index” (LDI) [65] [66] is the ratio between the percentage of

landslide pixels and the percentage of class pixels in each class in the landslide
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susceptibility map, which is used to validate the landslide susceptibility index. If the
LDI value is increased from low to very high susceptibility class, the susceptibility
map is considered correct. The LDI is determined using the formula below.
Furthermore, if a higher percentage of landslides occur in high, very high, and
extremely high susceptibility levels than in other levels, the suitability of any

susceptibility map can be verified [65] [66].

Percentage of validation landslide pixels

LDI = ,
Percentage of area pixel (5.10)
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CHAPTER 6: RESULTS AND EVALUATION

This chapter mainly focuses on showing the results and evaluation on feature selection

techniques, landslide prediction method and landslide susceptibility modeling.

6.1 Feature Selection Method Results

Here it depicts the results of the landslide feature selection methods. So, it mainly
depicts the results of tree-based feature selection method and information gain method.

6.1.1 Tree-based feature selection method results

The Tree-based Feature Importance Approach was primarily used to measure the
relative importance of each landslide conditioning factor. The results of tree-based
feature importance method illustrate in figure 6.1. The results indicate that the annual
rainfall (0.145) has the highest contribution to landslide susceptibility, followed by
distance to streams (0.103), land use (0.103), elevation (0.089), drainage density
(0.088), catchment (0.086), vegetation (0.082), overburden (0.079), slope (0.074),
landform (0.052), aspect (0.029), derived slope (0.029), profile curvature (0.025),
curvature (0.021) and plan curvature (0.014). According to this method almost all the
landslide conditioning factors plays a major role in making the study area prone to

landslides as all factors got a considerable feature importance value.

plan_curvature
ourvature
profile_curvature
dernved_slope
aspect

landform

slope
wrerburden
vegetation
catchment
drainage_density
elevation
landuse

distance to_streams
annual_rainfall

I
0.00 002 004 006 0.08 010 012 014

Figure 6.1: Feature Importance of landslide conditioning factors
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6.1.2 Information Gain (IG) feature selection method results

As a tree-based feature importance method, Information Gain Feature Selection
method was used in order to select the best set of conditioning factors. The figure 6.2
depicts the Information Gain Ratio values calculated for 15 landslide conditioning
factors in this study. It observed that the highest information gain feature importance
value is for slope (0.090) followed by landform (0.075), overburden (0.038), land use
(0.030), vegetation (0.026), drainage density (0.021), catchment (0.020), annual
rainfall (0.005), distance to streams (0.004) and elevation (0.003).

According to the IG results, plan curvature, curvature, profile curvature and aspect
factors were neglected in this study since there was no considerable feature important

scores for those features.

aspect
derived_slope
plan_curvature

profile_curvature
ourvature

elevation
distance to streams
annual_rainfall
catchment
drainage_density
vegetation

landuse

overburden
landform

slope

.00 002 04 006 008

Figure 6.2: Information Gain of landslide conditioning factors

At the end, by considering all the above feature selection methods, especially
considering tree-based feature importance method and Information Gain method, ten
causative factors were selected out of fifteen set of causative factors. Since, both of
those two methods present similar results. When considering the Information Gain
results, some of the factors: aspect, derived slope, plan curvature, and curvature can

be neglected as they are not giving any considerable 1G value. Moreover, same set of
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factors are having less impact on landslide occurrence according to the tree-based
feature important method too. As a result, those mentioned causative factors were
neglected and selected the rest of the causative factors: annual rainfall, distance to
water streams, elevation, drainage density, catchment, vegetation, overburden, slope,

land use and landform for this study.
6.2  Landslide prediction results

With the use of selected causative factors, several ensemble machine learning
algorithms: Random Forest, Bagged Decision Tree (BDT), AdaBoost, XGBoost and
GradientBoost were built using the training dataset. The results are shown in table 6.1
and figure 6.3. Table 6.1 shows the performance comparison of selected ensemble
machine learning algorithms on landslide prediction, while figure 6.3 depicts
percentage of actual landslide points predicted from selected ensemble machine

learning algorithms.

Table 6.1: Performance comparison of ensemble machine learning algorithms on
landslide prediction

Parameters RF BDT XGBoost | AdaBoost | GradientBoost
TP 1288 1433 1490 1409 1478
TN 358354 358209 358287 358172 358263
FP 35 180 102 217 126
FN 323 178 121 202 133
F-Score (%) 90 89 93 87 91.9
Precision (%) 84 89 94 87 92.1
Recall (%) 98 89 92 87 91.7
Sensitivity (%) 79.9 88.9 92.5 87.5 91.7
Specificity (%) 99.9 99.9 99.9 99.9 99.9
Accuracy (%) 99.6 99.9 99.94 99.8 99.9
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However, those results depict that XGBoost has the highest performance in terms of
F-Score and Accuracy. They are followed by the GradientBoost, Random Forest, BDT
and AdaBoost respectively. In terms of the precision also, XGBoost (94%) had the
highest value followed by GradientBoost (92.1%), BDT (89%), RF (84%) and
AdaBoost (87%). However, in terms of recall, the highest value has been achieved by
RF followed by XGBoost, GradientBoost, BDT and AdaBoost.

Based on these performance matrices results, we conclude that the XGBoost is more

accurate than rest of the other machine learning models for landslide predicting in the

study area.
ML Classifier Comparison
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Figure 6.3: Performance comparison of Machine learning classifiers
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6.3  Landslide Susceptibility Map (LSM) results

In this section it shows the results and evaluation LSMs which were generated based

on semi-supervised machine learning models and on Frequency Ratio method.
6.3.1 LSM by Machine Learning Model Results

As described in the chapter 4, three separated landslide susceptibility maps were
prepared for the study area. One LSM was prepared using semi-supervised machine
learning model. And rest of the LSMs was prepared using Frequency Ratio method
with and without considering weights for each causative factor. The generated

landslide susceptibility maps are showing in figure 6.4 and figure 6.5.

Figure 6.4: Landslide susceptibility maps produced by semi-supervised machine
learning model

Figure 6.5: Landslide susceptibility maps produced by ensemble FR method (a)
without considering weights for each causative factor (b) by considering weights for
each causative factor
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Table 6.2 and figure 6.6 depicts a detail description about landslide susceptibility

classes. As presented in table 6.2, the landslide susceptibility map produced by semi-

supervised machine learning model, Very High susceptibility covers 76.85% of
landslide points, followed by Extreme High (21.16%), High (1.71%), and Moderate
(0.28%). In the Frequency Ratio method with considering weight factors for each

factor class, Very High susceptibility class covers 70.29% of landslide points, followed
by Extreme High (18.77), High (6.95%), Moderate (3.48%), Low (0.35%) and

Extreme Low (0.15%). Moreover, in the Frequency Ratio method without considering

weight factors for each factor class, Very High susceptibility class covers 69.01% of
landslide points, followed by Extreme High (18.53), High (3.22%), Moderate (0.34%),
Low (0.01%) and Extreme Low (0.005%).

Table 6.2: Accuracy statistics for LSM models

Model Susceptibility | No of No of Class | Landslide | Landslide
Class Class | Landslide | Pixels % Density
Pixels Pixels % (LD)
Ensemble Extreme High 1401 1136 0.12 21.16 181.24
Machine
Learning Very High 4253 4126 0.35 76.85 216.84
Model -
High 52954 92 4.41 1.71 0.39
Moderate 299970 15| 24.99 0.28 0.01
Low 756100 0| 63.01 0 0
Extreme Low 85322 0 7.11 0 0
Frequency | Extreme High 1273 1008 0.11 18.77 176.98
Ratio
method with | Very High 3911 3774 0.33 70.29 215.68
considering -
each factor 11 oderate 130582 187 | 10.88 3.48 0.32
Low 518343 19| 43.19 0.35 0.01
Extreme Low 516406 8| 43.03 0.15 0.003
Frequency | Extreme High 1277 995 0.11 18.53 174.15
Ratio
Very High 4586 3705 0.38 69.01 180.57
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method
without
considering
weight for
each factor

High 29928 431 2.49 8.03 3.22
Moderate 133086 202 | 11.09 3.76 0.34
Low 525557 241 43.79 0.45 0.01
Extreme Low 505368 12| 42.13 0.22 0.005
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Figure 6.6: Landslide proportion of each susceptibility level

According to the table 6.2, the landslide susceptibility map produced by semi-

supervised machine learning model, got high landslide density value 181.24 for Very
High susceptibility class, followed by Extreme High (216.84), High (0.39), and
Moderate (0.01). In the Frequency Ratio method with considering weight factors for

each factor class, Very High susceptibility class got 176.98 values as the high LD
value, followed by Extreme High (215.68), high (2.83), moderate (0.32), Low (0.01)

and Extreme Low (0.003). Moreover, in the Frequency Ratio method without

considering weight factors for each factor class, got high LD value 174.15 for Very
High landslide class, followed by Extreme High (180.57), High (3.22), Moderate
(0.34), Low (0.01) and Extreme Low (0.005) respectively.
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Figure 6.7: Landslide density distribution of each susceptibility level

According to the above LSM results which are shown in figure 6.7, the LD values for
the Extreme High susceptibility class are 181.24, 176.98, and 174.15 for the ML
dependent model, FR model with factor weight, and FR model without factor weight,
respectively. As a result, the ML model outperforms the rest of the models by having
the highest LD value.

Furthermore, the LSMs which were generated using machine learning model and
frequency ratio models were validated based on the landslide density of each
susceptibility class on the LSMs. Generally, for the study area, the value of LD
increased gradually, from extreme low to extreme high susceptibility. So according to
these results, LD value increased from very extreme to very high classes. But the
Extreme high class got less value when compared to the very high class. But those
LSMs can be considered as valid LSMs since most of the landslide locations were laid

in the Extreme High, Very High and High susceptibility classes in all three LSMs.
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CHAPTER 7: DATA VISUALIZATION WEB APPLICATION

Landslide Susceptibility Mapping (LSM) is defined as a useful tool for disaster
management and risk mitigation [67]. The LSMs are often useful to decision-makers
and authorities in determining the best course of action for mitigating risks. LSM
techniques were extensively developed and implemented by several researches using

different types of techniques.

As a result, the visualization of the susceptibility map plays an important role in the
disaster management phase. Since no landslide prediction tool has been built for Sri
Lanka, it is critical to have a landslide susceptibility visualization tool. This study aims
to visualize the landslide data and landslide susceptibility data of Rathnapura District,
Sri Lanka, as a first step toward creating a visualization tool that covers the entire

country.

A prototype web application for Landslide Susceptibility Data visualization was
developed as a result of this study, using the derived Landslide Susceptibility Maps,
landslide locations, and feature maps. These landslide susceptibility maps, on the other
hand, were based on static data. This program can be expanded to become an integrated

decision support system that displays dynamic data sets.

This web application gives the capability to view the landslide susceptibility details,
landslide data locations and landslide causative factor details on the world map
(APPENDIX C).

The programming languages Angular, Typescript, and NodeJS were primarily used in
the creation of data visualization web applications. Additionally, the CesiumJS library
was incorporated into the application to generate 3D visualization globes and maps.
The web application's home page is depicted in APPENDIX C. Using ArcGIS
software, the landslide susceptibility information, landslide locations, and causative
feature data were formatted in to the geoJson format. The geoJson data was then shown
on the cesium globe. Users can select any area from the right-hand tree menu by

clicking it.
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7.1 Technologies used for web application implementation

This section provides the technologies which were used for data visualization web
application development. So it mainly used Angular, NodeJs as programming
languages and CesiumJS as a third party library.

7.1.1 Leaflet JavaScript Library

Leaflet [68] is a lightweight and efficient JavaScript library. It's mainly used to build
web mapping applications. It works with Angular, NodeJs, HTMLS5, and CSS3, among
other technologies, on both desktop and mobile platforms. It can read data from
GeoJSON files or form files to load function data. It has interactive features including

scroll zooming, drag panning with inertia, keyboard navigation, and so on.

Leaflet was used to visualize the susceptibility maps and feature maps in this study.
However, rendering those maps with high performance was difficult as Leaflet is better
suited to small applications that demand low library overhead and high performance.

7.1.2 CesiumJS JavaScript Library with GeoJson files

CesiumJS [69] is an open-source JavaScript library for creating interactive 3D world
globes and maps with improved performance, visual quality, and accessibility.
CesiumJS is a web framework for developing interactive geospatial data visualization

applications.

CesiumJS was used to visualize landslide causative feature maps, landslide
susceptibility maps, and landslide data in this study. These maps can be downloaded
as vector data (shape files), geoJSON files, or tiff files (raster data). Initially, shape
files were used to introduce and evaluate visualization. Shape files are vector files that
contain information about geospatial locations and attributes. Polygons, lines, and
points are typically used to describe features in shape files. However, since the shape

files contain polygons, output is not as good as it could be.

After that, the data was visualized using geoJson. Using ArcGIS program, the shape

files were translated to geoJson files. When compared to shape files, geoJson files
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performed better for landslide data visualization. The screenshots of the web
application are depicted in section 6.3.
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CHAPTER 8: CONCLUSION AND FUTURE WORKS

This chapter will include some concluding remarks, such as a summary, research

Outcome, future work, and discussion.
8.1 Summary

Landslide prediction and susceptibility map modeling are critical for effectively
mitigating landslide risks, especially in Sri Lanka. Landslide presents a significant
impact at Rathnapura District in Sri Lanka. It has a major impact on human and animal
lives, human settlements, agriculture, and the social and economic aspects of rural
communities. This study used a Machine Learning model and a Frequency Ratio

model for landslide susceptibility modeling to address these concerns.

For this reason, a landslide inventory map with 5369 landslide cells was divided into
training and validation datasets with 70% and 30%, respectively. Furthermore, ten
landslide causative factors were chosen from fifteen sets of causative factors using the
tree- based feature importance method, and information gain method. All fifteen
causative factors led to landslide incidence, according to the Information Gain (I1G)
method, since their 1G values were all greater than zero. Slope, annual rainfall,
overburden, elevation, drainage density, landform, land use, distance to water streams,
catchment, and vegetation are among the selected causative factors. As a result, the
selected causative factors were used to conduct landslide prediction and LSM
modeling. When compared to other variables, annual rainfall has been found to be
closely related to the occurrence of landslides.

For landslide prediction, this study used five different ensemble machine learning
approaches. This research made a major contribution by systematically comparing and
analyzing five machine learning models for landslide prediction. Since landslide
susceptibility mapping is significant, the LSM was carried out using a semi-supervised
machine learning algorithm model and using Frequency Ratio method. The landslide
data, on the other hand, consists of binary classification data such as "landslide"” and
"non- landslide,” requiring each cell to be categorized into one of six susceptibility

classes.
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LSMs were generated in the machine learning model using semi-supervised machine
learning algorithms, taking into account the class probability values for the “landslide”
class. The K-Means clustering algorithm was used to reclassify the class probability
values obtained from five ensemble machine learning algorithms into susceptibility
classes. Finally, the mean value of each class was used to label the clusters. With the
increasing order of class mean values, the classes were classified as Extreme Low,

Medium, Moderate, High, Very High, and Extreme High.

The FR process, on the other hand, reclassified selected causative factors into sub
groups. After that, a frequency ratio value was determined for each of the causative
factor groups. Following that, the appropriate FR value for each cell was used to
measure the LSI value for each cell using those frequency ratio values. Finally, these
LSI values were reclassified into six landslide vulnerability with the use of ArcGIS
Natural-Break’s classification system: Extreme Low, Low, Medium, Moderate, High,

Very High, and Extreme High.

The Landslide Density Index (LDI) value was used to validate the output of the LSMs
provided by the semi-supervised ML model and the FR model. The results revealed
that both models performed exceptionally well. The semi-supervised ML model, on
the other hand, had a comparable high success rate and a high LDI value. Furthermore,
the landslide susceptibility analysis validation results indicated that the majority of the
reported landslide locations were in the Extreme high and high susceptibility classes.

And these LSM models appear to be accurate in this research field.

As a result, the LSMs developed in this study could be useful to decision-makers,
planners, and engineers in disaster planning in order to reduce economic losses and
casualties. So as an outcome of this research, it proposed a pleasant web application to
visualize the landslide data, LSMs, and conditioning factor data on it. And it will be

highly usable for the Sri Lankan authorities and decision makers.

Python was used for landslide prediction, statistical computation, and data
visualization in this study since it is commonly used for machine learning based

forecasts, processing, and analysis.
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8.2 Future Work

The following areas can be considered for the future work carried out in the field of

Landslide Susceptibility Mapping.

e The landslide susceptibility map is a static tool for mapping the likelihood of a
landslide occurring at a given site. So that it is important to have a dynamic
landslide prediction framework that can produce temporal warnings based on
continuously updated data. So, this research can be extended to support a
dynamic landslide prediction framework.

e This research has only focused on Rathnapura district in Sri Lanka. So that as

a future work this can be carried out for other districts in Sri Lanka.
8.3 Discussion

This main objective of this research was to do the landslide prediction using ensemble-
based machine learning methods and to construct and evaluate landslide susceptibility
maps using a semi-supervised machine learning method. It was applied to Rathnapura

district in Sri Lanka.

As mentioned above as the feature selection methods it has used tree-based feature
important method and the information gain method as those two methods are
commonly used in landslide susceptibility related researches. Both methods gave
similar results, so that it was easy to select most important features out of fifteen factors
which were used in this research. Afterward, five ensemble machine learning methods
were used for landslide prediction as most of the researches didn’t consider more than
three ensemble methods together. So, the prediction results have shown that the
XGBoost algorithm outperform the other ensemble methods. However, all the
methods got comparably better results than using normal machine learning models as

SVM, Naive bayes and etc.

However, the dataset only contained the binary data as “landslide” and “non-
landslide”. But it is not a good measurement to check the severity of a particular area.

So, it was very important to classify the study are into susceptibility classes as Extreme
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Low, Low, Moderate, High, Very High and Extreme High. And also, there is no proper
mechanism to create LSMs or to check the severity of landslide for Sri Lanka. For that

purpose, this research proposed a machine learning method.

And most prominently, this research has used a novel method for landslide
susceptibility modeling. Most of the prior researches have created LSMs with the help
of ArcGIS software. Somehow this paper presents a new semi-supervised machine
learning method for Landslide Susceptibility map modeling. Furthermore, a Frequency
Ratio method which is a statistical method was used to create LSMs and for comparing
with the machine learning method. So finally, it proved that the semi-supervised
machine learning got comparably better results for landslide susceptibility map

creation when comparing with FR method.

The generated landslide susceptibility maps within this research can be used by
decision makers and by the relevant authorities in Sri Lanka to take appropriate actions
in order to mitigate the risks which can be occurred by landslides. Specially these
landslide susceptibility maps show the degree of susceptibility of an area to landslide
occurrence. So, by considering the generated landslide susceptibility map, the decision
makers can identify the high-risk areas in Rathnapura district in Sri Lanka and can take

appropriate actions in advance.

Somehow these landslide susceptibility maps are static methods to show the severity
of landslide occurrence. On the other hand, there is a dynamic approach to show a
dynamic landslide prediction framework that can be produce by using continuously
updated data. It will be handled as a future work in this research study.
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APPENDIX A: GIS FEATURE MAPS
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APPENDIX B: THE CORRELATION BETWEEN THE LANDSLIDE
LOCATION AND LANDSLIDE CONDITIONING FACTOR CLASSES

Factors Class Nslpix |a= Ncpix | b= FR=a/b
Nslpix/ENslpix Ncpix/ENcp
iX
Rainfall 0.021-0.0213 |0 0 1268 0.0108 0.0
0.0213-0.0216 | 0 0 1247 0.0106 0.0
0.0216-0.0218 | 0 0 20431 | 0.0170 0.0
0.0218-0.0221 | 0 0 15609 | 0.0130 0.0
0.0221-0.0224 | 0 0 15059 | 0.0125 0.0
0.0224-0.0227 | 232 0.0432 15570 | 0.0130 3.3303
0.0227-0.0230 | 330 0.0615 18452 | 0.0154 3.9972
0.0230-0.0234 | 27 0.0050 22879 | 0.0191 0.2638
0.0234-0.0237 | 95 0.0177 29611 | 0.0247 0.7170
0.0237-0.0240 | 255 0.0475 39069 | 0.0326 1.4588
0.0240-0.0242 | 87 0.0162 116874 | 0.0974 0.4664
0.0242-0.0244 | 1037 0.1931 273432 | 0.2279 0.8477
0.0244-0.0246 | 3306 0.6158 607299 | 0.5061 1.2167
Distance to | 0-395.5551 402 0.0749 231575 | 0.1930 0.3880
streams
395.5551- 807 0.1503 211507 | 0.1763 0.8528
824.0731
824.0731- 2802 0.5219 174722 | 0.1456 3.5843
12525911
1252.5911- 747 0.1391 170107 | 0.1418 0.9815
1697.5906
1697.5906- 16 0.0030 161185 | 0.1343 0.0222
21425901
2142.5901- 143 0.0266 126272 | 0.1052 0.2531
2637.0340
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2637.0340- 0 0 76022 | 0.0634 0
3197.4037
3197.4037- 452 0.0842 48610 | 0.0405 2.0782
4202.7730
Drainage 0.00004- 1867 0.3477 531951 | 0.4433 0.7844
density 2.3605
2.3605-5.9012 | 2125 0.3958 343938 | 0.2866 1.3809
5.9012-9.9139 | 1219 0.2270 214087 | 0.1784 1.2726
9.9139- 123 0.0229 92259 [ 0.0769 0.2980
15.8151
15.8151- 35 0.0065 17294 | 0.0144 0.4523
60.1916
81-221 43 0.0080 193566 | 0.1613 0.0497
Elevation
221-301 1934 0.3602 499080 | 0.4159 0.8661
301-404 2503 0.4662 277685 | 0.2314 2.0146
404-545 889 0.1656 151877 | 0.12656 1.3083
545-65535 0 0 77792 | 0.0648 0
Catchment | 0.0-0.07 4258 0.7931 928272 | 0.7736 1.0252
0.07-0.2 847 0.1578 250962 | 0.2001 0.7543
0.2-05 264 0.0492 20766 | 0.0173 2.8414
Vegetation | 0.0188-0.0923 | 388 0.0723 107368 | 0.0895 0.8077
0.0923-0.1503 | 152 0.0283 100668 | 0.0839 0.3375
0.1503-0.2063 | 416 0.0775 124095 | 0.1034 0.7493
0.2063-0.2604 | 772 0.1345 156252 | 0.1302 1.0328
0.2604-0.3126 | 526 0.0980 128227 | 0.1069 0.9168
0.3126-0.3590 | 1379 0.2568 190197 | 0.1585 1.6205
0.3590-0.3996 | 1266 0.2358 251400 | 0.2095 1.1255
0.3996-0.5117 | 520 0.0969 141793 | 0.1182 0.8197
1-12 2416 0.4450 720076 | 0.6001 0.7499
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Land Use 12-30 1657 0.3086 391677 | 0.3264 0.9455
30-255 1296 0.2414 88247 | 0.0735 3.2824
Overburden |1 992 0.184764 110075 | 0.091729 2.014238
2 4 0.000745 359981 | 0.299984 0.002484
3 0 0 48972 | 0.040810 0
4 213 0.039672 242875 | 0.202396 0.196013
5 118 0.021978 134587 | 0.112156 0.195960
6 2108 0.392624 110532 | 0.092110 4.262559
7 0 0 4062 0.003385 0
8 260 0.048426 45075 | 0.037562 1.289215
9 449 0.083628 34453 | 0.028711 2.912776
10 4 0.000745 24226 | 0.020188 0.036903
11 7 0.001304 32305 | 0.026921 0.048430
12 6 0.001118 10251 | 0.008542 0.130820
13 0 0 239 0.000199 0
14 1091 0.203204 31524 | 0.026270 7.735195
15 117 0.021792 7877 0.006564 3.319807
16 0 0 1693 0.001411 0
17 0 0 533 0.000444 0
18 0 0 740 0.000617 0
Landform |17 1214 0.226113 502064 | 0.418387 0.540440
7-11 652 0.121438 184735 | 0.153946 0.788835
11-15 1826 0.340101 370436 | 0.308697 1.101731
15-255 1677 0.312349 142765 | 0.118971 2.625422
Slope 1 330 0.061464 45603 | 0.038003 1.617366
2 730 0.135966 97124 | 0.080937 1.679903
3 2797 0.520954 430886 | 0.359072 1.450835
4 836 0.155709 201595 | 0.167996 0.926860
5-255 676 0.125908 424792 | 0.353993 0.355679
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APPENDIX C: SCREENSHOTS OF THE APPLICATION
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