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 The term natural hazard implies the occurrence of a natural condition or phenomenon, 

which threatens or acts hazardously in a defined space and time. In natural systems, 

landslides are recognized as one of the most significant ―natural hazards‖ in many areas 

throughout the world. Globally, landslides cause billions of dollars in damage and 

thousands of deaths and injuries each year. Four important landslide factors such as 
rainfall, slope, geology, and land use/ land cover are considered for landslide risk 

analysis. Remote sensing images and field data are used to prepare various thematic 

maps using GIS. The aim of this paper is to propose a novel weighted Decision Tree 
Prediction model for analyzing landslide risk. Ooty taluk of the Nilgiris District, 

Tamilnadu is considered as study area for the landslide risk analysis. The performance 

of the proposed model is compared with the various data mining classification 
approaches. The accuracy of the model is validated with real time data set. 
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INTRODUCTION 

 

 Natural disasters like hurricanes, earthquakes, 

erosion, tsunamis and landslides cause countless 

deaths and fearsome damage to infrastructure and the 

environment. Between geological risks, landslides 

are the important disaster which causes most 

damages, producing thousands of deaths every year 

and material losses of billions of dollars in all around 

the world. Landslide is the one of the major problem 

in hilly areas. The slopes are naturally presented in 

the environment. The deforestation of the hilly area 

is loosening the soil on the slopes. Landslide Risk 

can be identified using different methods based on 

the GIS technology. In the last few years, many 

research papers were published in order to solve 

deficiencies and difficulties in assessment of the 

landslide Risk. 

 In Ooty, Nilgiri district, landslide was happened 

due to the heavy rainfall and frequent modification of 

landuse features. The major rain induced landslide 

occurred in the year of 1978 and 2009 in which 543 

landslips were occurred and many people’s were 

killed and lost their properties. Landslide disaster 

could have been reduced, if more had been known 

about forecasting and mitigation. So far, few 

attempts have been made to predict these landslides 

or prevent the damages caused by them. However, 

there are many influencing factors for landslide and 

the effects of the same factors in various areas are 

different. The mathematical relationship between the 

factors which impact landslide and the landslide 

stability prediction is hard to obtain. Therefore, it is a 

comparatively accurate method to get a statistical 

analysis model with the historical data. 

 To get a stable and accurate prediction result of 

landslides, analyze the geological and environmental 

conditions factors such as the rainfall, slope, 

geology, land use/ land cover. These factors are used 

to construct a classifier to analyze landslide Risk. In 

the previous studies, the Artificial Neural Network 

(ANN) was applied to these problems shown that it is 

difficult to understand and tricky to predict. In this 

paper, the GIS and Data mining concept are 

integrated to predict the possibilities of landslides. 

The various thematic maps are prepared using GIS 

and the prediction model is developed using novel 

weighted Decision Tree approach. 

 

Related Work: 

 An integration of remote sensing, GIS and Data 

mining techniques has been used to predicting the 

landslide risk. Discrete Rough Set method (Wan, S., 

2010) for evaluating landslide occurrence performs 

an improved classifier in landslide problem. To 

identifying the landslide susceptibility, GIS used for 
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the input data from both the satellite and field data 

(Biswajeet Pradhan, 2011). To merge the Indian 

Remote Satellite (IRS) Multi Spectral Sensor (MSS) 

and Panchromatic (PAN) image for improved the 

quality of image features (Sarkar, S. and D.P. 

Kanungo, 2004). The numerical rating scheme 

method was proposed to weight up and optimizing 

the result. A landslide hazard zonation map has also 

been proposed based on the historical landslide data 

like geological, geomorphology, population, climatic 

and rainfall data. The GIS (Chau, K.T., 2004) tool 

include the various layer information, the layers 

include landslide data, slope, angle, elevation, 

lithology etc and assigning weightages (Wang Jian, 

Peng xiang-guo, 2009) to each layers. In the bases of 

filtering function the landslide hazard map generated 

and based on the population to prepared risk map. To 

verify the landside hazard zone result using the GPS 

monitoring control points. 

 The fuzzy k-means (Gorsevski, P.V., 2003)] 

classification endow with an important quantity of 

information about a landslide factors and 

changeability of data. It is useful for the landslide 

prediction. In fuzzy k-means classification small 

scale was working successfully to a broader-scale 

classification for the spatial forecast. To measure the 

soil and water infiltration according details of the 

surface input. The system gives a limited the system 

performance accuracy (Zonghu liao, 2010). The early 

warning system required the subsurface process of 

the soil data without this information the effect may 

be less important. For the prediction of slope 

performance using to apply supervised ANN back-

propagation and unsupervised ANN under the static 

and seismic loading. To rate the slope stability using 

to proposed a coupled model SOM ANN 

(Ferentinou, M.D. and M.G. Sakellariou, 2007) to 

controlling variables. This conclusion recognized the 

cause of the slope develop into unstable and it’s 

trigger the failure. 

 Based on the statistical approach have been 

given a weight for a different classes and then 

integrated the layers in GIS environment. To 

validating the very high and high landslide 

susceptible zones map, the output also checks with 

an existing landslide area (Sarkar, S., 2006; Paolo 

Magliulo, 2009; Vaani, N. and S.K. Sekar, 2012). To 

predict the landslide susceptibility model to be 

compared methodologies and evaluate the landslide 

susceptibility. The methodologies are Bivariate 

statistical and Expert based method, that methods are 

based on the distribution of landslide. The Bivariate 

statistical method gives a good fulfilling result. 

Using these methodologies the statistics based 

method gives a good result. Multi spectral and high 

resolution image were merged for land use and 

vegetation data using principal component analysis 

method and classified the data with unsupervised 

classification. The importance of the factors was 

determent using the Analytical Hierarchy Process 

(Marko Komac, 2006) method the error rate of the 

prediction 4.3% to 73%. Using the AHP method 

gives a best model of the spatial factors. Various 

geosystem parameters (Ramasamy, S.M. and M. 

Muthukumar, 2008) were identified and the 

reflectance of the factors occurred in landslides. In 

different parts of the geosystem factors are assigned 

and calculate the vulnerability. To overlaying the 

GIS layers, prepared the GIS vulnerability map and 

verified the landslide falling region. The four year’s 

multi temporal data classified namely water bodies, 

dense forest, open forest, degraded forests, grass land 

and plantation. A maximum likelihood classification 

(Vasantha Kumar, S. and D.V.S. Bhagavanulu, 2008) 

was used and extracts the change deduction from 

different time period and compared the four years 

landuse and cover data. For the most part landslide 

prone area was shown in tea plantation and grass 

land. 

 The landslide chosen factors were identified and 

land use map prepared using the Thematic mapper 

(TM) and then Vegetation index map derived from 

SPOT satellite images. Using the all landslide prone 

factors through probability frequency ratio (Lee, S. 

and Jasmi Abdul Talib, 2005) method to prepared the 

landslide hazard area. The five set of training sites 

were identified randomly it includes the role of 

thematic variables construct model, the selection of 

the training sites will be changed based on models. 

The difference of the neural network analysis it 

associates with model and susceptibility map was 

validated using ROC method (Akgun, A., 2012; 

Hyun-Joo Oh and Biswajeet Pradhan, 2011). A 

landslide inventory map was prepared and processed 

using soft computing approach. To select the model 

for the input are created by two membership 

function. 50% overlap is applied for reduce the 

uncertainty among the membership functions. 192 

rules are constructed using the Fuzzy inference 

system for identify the suitable area. In the thematic 

layer, each of the categories has been determines the 

membership values and implemented using fuzzy set 

(Hyun-Joo Oh and Biswajeet Pradhan, 2011; Rajesh 

Prasanna, P. and S. Evany Nithya, 2011) theory. The 

neuro-fuzzy inference system (Hyun-Joo Oh and 

Biswajeet Pradhan, 2011) predicts the reasonable 

result 84.39%. In the thematic layer, each of the 

categories has been determines the membership 

values and implemented using fuzzy set theory. To 

generate the fuzzy numbers and calculate the each 

thematic layers weight by the membership function 

(Gemitzi, A., 2011) then the score value is calculated 

using the weight. The landslide inventory map 

measured the slope, drainage density, landuse and 

distance to drainage of the area, and integrate on the 

landslide hazard map. An acquiring number of 

landslide hazard zone were calculated. The hazard 

map prepared and classified based on equal interval 

method (Ram Mohan, V., 2011). The Analytical 

Hieratical Process (AHP) (Vaani, N. and S.K. Sekar, 
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2012) method provides a systematic approach to 

integrate the factors and it will be used for preparing 

Landslide Hazard Zone map. To overlay the 

settlement and road layers to GIS and get the 

vulnerability map. 

 The probabilistic (Lee Saro and Touch samath, 

2006) and statistical approach for estimate the 

landslide susceptibility area. The result of the model 

is frequency ratio model (Lee Saro and Pradhan 

Biswajeet, 2007) (86.97%) and the logistic 

regression (86.37%). Landslide susceptibility map is 

reduced the landslide hazard and is used for land 

cover planning. The frequency ratio model has better 

than logistic regression model. Fuzzy membership 

functions and factor analysis (Gemitzi, A., 2010) to 

assessed the landslide susceptibility using various 

factors. The condition parameter was assigned and 

each parameter landslide occurrence map was 

created. The very high susceptibility zone was 

observed in the output is 45 out of 51. A landslide 

inventory map having 398 landslide locations, 80% 

of the data used for training and remaining 20% of 

the data was used for accuracy. The spatial data were 

collected and processed and create a spatial database 

using GIS and Image processing techniques. The 

landslide occurrence factor was identified and 

processed. Each factor weight was determined and 

calculated the training using back-propagation 

(Biswajeet Pradhan and Saro Lee, 2010; Prabu, S. 

and S.S. Ramakrishnan, 2009). To combined GIS 

and remote sensing with the ANN (Prabu, S. and S.S. 

Ramakrishnan, 2009) modeling approach to predict 

the logical accuracy for the landslide. The result of 

the ANN method for landslide susceptibility analysis 

was confirmed the previous landslide location data. 

The tool was proved an effective tool for the analysis 

of landslide susceptibility compared by conventional 

method. 

  

Weighted Decision Tree Prediction Model:  

 Classification is the process to predict the 

unknown class label using training data set. 

Classification approaches are categorized into 

Decision Tree, Back propagation Neural Network, 

Support Vector machine(SVM),Rule based 

Classification and Bayesian Classification. In the 

present scenario, landslide analysis study was done 

by using Neural Network and Bayesian but these 

approaches are difficult to understand and tricky to 

predict. In this paper, Weighted Decision Tree 

Prediction Model is   proposed for landslide Risk 

Analysis. The performance of the proposed approach 

is measured with various parameters. 

 Decision Tree (DT) approach is used to analyze 

the data in the form of tree. The Tree is constructed 

using the top-down and recursive splitting technique. 

A tree structure consists of a root node, internal 

nodes, and leaf nodes. The root node contains all the 

input data. An internal node can have two or more 

branches and is associated with a decision function. 

A leaf node indicates the output of a given input 

vector. The objective of DT building is to find the set 

of decision rules that can be used to predict outcome 

from a set of input variables. DT has been applied 

successfully in many real-world situations for 

classification and prediction. The main advantage of 

DT is that DT models have the capability of 

modeling complex relationship between variables. 

They can incorporate both categorical and 

continuous variables without strict assumptions with 

respect to the distribution of the data. In addition, 

DTs are easy to construct and the resulting models 

can be easily interpreted. The main disadvantage of 

DTs is that they are susceptible to noisy data and that 

multiple output attributes are not allowed.  

 Weighted classification techniques give simpler 

models for the important classes. Weighted 

classification assigns different importance degrees to 

different landslide factor. In this paper, we assign 

weights to the different landslide factors in order to 

represent the relative importance of each landslide 

factor. wa represent the weight corresponding to 

landslide factor.   We have considered  four 

important landslide factors such as rainfall, slope, 

geology, and land use/ land cover for landslide risk 

analysis.  The Domain experts defined the rank and 

weight of the each landslide factors and it is shown 

in the table 1. 

 

 The general process of building a weighted 

decision tree prediction model is as follows. 

Given a set of training dataset 

apply a measurement function onto all attributes to fi

nd  a best splitting attribute. Once the splitting 

attribute is computed, the instance space is 

partitioned into several parts. Within each partition, 

if all training instance belong to one single class, the 

algorithm terminates. Otherwise, the splitting process 

will be recursively performed until the whole 

partition is assigned to the same class. Once a 

decision tree is built, classification rules can be easily 

generated, which can be used for classification of 

new instances with unknown class labels. The 

complete weighted decision tree prediction algorithm 

is presented below: 

  As per the domain experts, we have considered 

the rank 6 for geology and landuse/landcover,  rank 9 

for geology and rank 7 for rainfall. Each landslide 

factor has many values and the weight is assigned to 

each factor values based on the importance of the 

factor in landslide risk analysis. The weighted 

decision tree prediction algorithm is applied on the 

sample landslide data shown in table 2 and the final 

tree is shown in Fig. 1. 
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Table 1: Weight Computation for Landslide factors. 

Geology Rank Weight Total _weight 

Charnockite Group 6 4 24 

Gneiss 6 4 24 

Ultrabasic rocks 6 3 18 

(a) Geology Weight.  
 

Slope Rank Weight 
Total 

_weight 

0-8.029984 9 1 9 

11.768363-19.798347 9 3 27 

19.798347-37.046631 9 4 36 

37.046631-74.095688 9 5 45 

8.029984-11.768363 9 2 18 

(b) SlopeWeight 

 

Landuse/land cover Rank Weight 
Total 

_weight 

Agriculture 6 2 12 

Barren Rocky 6 2 12 

Dense Forest 6 1 6 

Forest Plantations 6 3 18 

Forest blanks 6 3 18 

Land with scrub 6 3 18 

Land without scrub 6 4 24 

Open Deciduous (Moist/Dry) 6 3 18 

Plantations 6 5 30 

Residential 6 5 30 

Scrub Forest 6 2 12 

Waterbodies 6 1 6 

(c ) Landuse / landcover weight 

 

Rainfall Rank Weight 
Total 

_Weight 

59.665397-88.474048 7 2 14 

88.474048-109.397533 7 2 14 

109.397533-124.594088 7 3 21 

124.594088-135.63122 7 3 21 

135.63122-150.827775 7 4 28 

150.827775-171.75126 7 4 28 

171.75126-200.559911 7 5 35 

(d) Rainfall Weight 

 
 

 The proposed weighted decision tree prediction 

model performs well with landslide data than the 

other preexisting classification approach. The 

performance of the proposed model is discussed in 

experiment section. 

Experiment and result analysis: 

 Today environment is more prone to various 

disasters. This paper focuses landslide disaster 

analysis using computational techniques. The needed 

toposheets and required maps are collected from the 
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geological survey of India. Many number of factors 

causes landslide in the hill region, but four factors 

are very important for landslide study such as 

rainfall, slope, geology, and landuse/landcover. The 

above said factors thematic layers are prepared from 

the LISS III+ PAN images using ArcGIS Tool. Ooty, 

Nilgris district is considered as study area . The study 

area and four important thematic layers are presented 

in Fig. 2. 

 
Table 2: Sample Landslide data. 

Rainfall Lanuse/land cover Slope Geology Zone 

150.83-171.75 Plantations 11.76-19.79 Charnockite Group Medium 

150.83-171.75 Crop Land 11.76-19.79 Charnockite Group Very Low 

150.83-171.75 Agriculture 8.02-11.76 Charnockite Group High 

150.83-171.75 Agriculture 8.02-11.76 Charnockite Group High 

150.83-171.75 Dense/Closed 11.76-19.79 Charnockite Group Very Low 

150.83-171.75 Villages 8.02-11.76 Charnockite Group Low 

150.83-171.75 Villages 8.02-11.76 Charnockite Group Low 

150.83-171.75 Villages 11.76-19.79 Charnockite Group Very High 

150.83-171.75 Villages 8.02-11.76 Charnockite Group Very High 

 

Rainfall

Splitting Attbutes

Slope

Landuse/LandcoverGeology

Medium

Low

High

Medium Very High

8.17

1000 mm

50 mm

0.8

Gneiss Charnockite

Agriculture

Scrub Forest

Weighted Decision Tree  
 

Fig. 1: Sample weighted Decision Tree for Landslide Risk Analysis. 

 

 
 

Fig. 2: Study Area and Landslide factor thematic layers. 

 

 The obtained layers are validated with the field 

data. The Landuse/landcover layer and rainfall layers 

are updated based on the field data. The thematic 

layers are transformed into features and these 

features are supplied as input to weighted decision 

tree prediction model. The landslide risk is analyzed 

by using proposed weighted decision tree prediction 

model and the result is shown in Fig. 3. The 

predicted results are validated with real time data 

collected in the field visit. 

 The accuracy of the classifier computed as 

follows 

 Accuracy= (Number of correct predicted data)/ 

Total number of data) 

 Among the existing classification approach, 

weighted decision tree prediction model is more 

accurate and easy to design. The proposed model 

performance is comparable performance with other 

classification techniques in terms of high accuracy, 

speed, minimum error rate. The Weighted decision 

tree prediction model   accuracy is good than 

decision tree approach. 
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Fig. 3: Landslide Risk Analysis Map. 

 

 The performance of the proposed weighted 

decision tree prediction model is compared with pre 

existing classification approaches and shown in Fig. 

4. 

 

 
 

Fig. 4: Performance of Weighted Decision Tree with other Classification Approaches. 

 

Conclusion: 

 Disaster management and monitoring is 

important research domain. Predicting and analyzing 

Disaster is complex task. In this paper, landslide risk 

is analyzed using weighted decision tree prediction 

model. The four important landslide induced factors 

such as rainfall, landuse/landcover, slope and 

geology are considered for the analysis. Ooty Taluk, 

Nilgiri district of Tamilnadu is considered as study 

area. Remote sensing images and field data are used 

to prepare various thematic maps. The performance 

of weighted decision tree prediction model is 

compared with existing classification approaches. 

Weighted decision tree prediction model is more 

suitable and accurate than decision tree classifer. The 

weighted decision tree prediction modeling 

approach, combined with the use of remote sensing 

and GIS spatial data, yields a reasonable accuracy for 

the landslide risk analysis. In future work, more 

spatial factor will be considered for landslide 

prediction and also soft computing techniques can be 

integrated to avoid the uncertainty in the spatial data. 
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