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Abstract: 24 

The precision of landslide susceptibility assessment has always been the focus of 25 

landslide spatial prediction research. It can be considered as the possibility of 26 

landslide disaster under the action of human activities or natural factors, or both of 27 

them. For the further exploration of the mechanism of this process, Muchuan County 28 

was proposed as the study area, and four well-known machine learning models, 29 

namely rotation forest (RF), J48 decision tree (J48), alternating decision tree (ADTree) 30 

and random forest (RaF), and their ensembles (RF-J48, RF-ADTree and RF-RaF) 31 

were introduced to explore the mechanism. These models are established by twelve 32 

landslide conditioning factors, which are selected based to the local special geological 33 

environment conditions and previous related researches, including plan curvature, 34 

profile curvature, slope angle, slope aspect, elevation, topographic wetness index 35 

(TWI), land use, normalized difference vegetation index (NDVI), soil, lithology, 36 

distance to roads, and distance to rivers, as well as training (195 landslides) and 37 

validation (84 landslides) datasets were developed. The landslide prediction 38 

performance of the above conditioning factors was analyzed through the correlation 39 

attribute evaluation (CAE) model. Then, through the landslide susceptibility maps 40 

made by the above six different models, the Jenks natural breaks method is used to 41 

divide the landslide susceptibility into five grades, which are very low, low, moderate, 42 

high, and very high. In addition, the accuracy of the above six landslide susceptibility 43 

maps was verified by implementing the relative operating characteristic curve (ROC) 44 

and the area under the ROC (AUC). That is, the capabilities of the above six models 45 



are compared and verified in the landslide spatial prediction. Finally, the obtained 46 

results show that elevation, lithology and TWI are the three most principal landslide 47 

conditioning factors in this research. The RF-RaF and RaF models in the training 48 

dataset performed best, with the AUC value of 0.75, while the RF-ADTree model 49 

(0.74), RF-J48 model (0.74), ADTree model (0.71) and J48 model (0.70) performed 50 

poorly. Meanwhile, similar results also emerge from the validation dataset, in which 51 

the RF-RaF model acquired the best performance (0.82) and the rest are the 52 

RF-ADTree model (0.80), RaF model (0.79), RF-J48 model (0.77), ADTree model 53 

(0.76) and J48 model (0.71). Last but by no means the least, the results can provide 54 

scientific references for local natural resources departments. 55 

 56 

Keywords: Landslide Spatial Prediction, Rotation Forest, J48, Alternating 57 

Decision Tree, Random Forest, Ensemble Models. 58 

 59 

1. Introduction 60 

A series of complex problems such as casualties, economic losses and geological environment 61 

damage caused by landslides have brought heavy losses to China (Feng et al., 2019; Huang, 62 

2012; Kulatilake and Ge, 2014; Peng et al., 2017). According to the latest statistics of the 63 

Ministry of emergency management of the people's Republic of China, a total of 1305 natural 64 

disasters occurred in 2020, causing 138 million people affected, 591 people died and 65 

disappeared due to the disaster, and the direct economic loss was US $57.2 billion 66 

(https://www.mem.gov.cn/). Due to the special geographical location and frequent human 67 



activities, Sichuan has become the most vulnerable province by geological disasters where 68 

occupies fourteen percent of the county's geological disasters and more than sixty percent of 69 

geological hazards are landslide (Xu et al., 2016; Yin et al., 2010). Therefore, it is imperative 70 

to evaluate the susceptibility of landslide to reduce the impact of landslide (Ge et al., 2018; 71 

Ramakrishnan et al., 2013). In recent years, various methods for landslide spatial distribution 72 

prediction have been applied to landslide susceptibility evaluation. Generally, these 73 

evaluation methods can be divided into two aspects: statistical model based on GIS and 74 

machine learning model. Statistical models that need to be parameterized by assuming 75 

appropriate structural models generally include analytic hierarchy process (AHP) (Myronidis 76 

et al., 2016; Park et al., 2013; Pourghasemi et al., 2012), logistic regression (LR) (Ayalew and 77 

Yamagishi, 2005; Li and Wang, 2019; Wu, 2015), index of entropy (IoE) (Chen et al., 2015; 78 

Mondal and Mandal, 2018), certainty factor (CF) (Devkota et al., 2013; Wang et al., 2015), 79 

evidential belief function (EBF) (Althuwaynee et al., 2012; Tehrany and Kumar, 2018; Zhang 80 

et al., 2016), frequency ratio (FR) (Mohammady et al., 2012; Sahana and Sajjad, 2017), and 81 

weights of evidence (WoE) (Dahal et al., 2008; Xie et al., 2017).  82 

It is very crucial to improve the prediction ability of the model for landslide susceptibility 83 

assessment. The intelligent machine learning model avoids the shortcomings of statistics and 84 

can get better results, such as fuzzy logic (FL) (Pradhan, 2010), artificial neural network 85 

(ANN) (Mandal and Mondal, 2019; Polykretis et al., 2015), decision trees (DT) (Ma et al., 86 

2017; Park and Lee, 2014; Tien Bui et al., 2014a), support vector machine (SVM) (Pradhan, 87 

2013; Ren et al., 2015), multivariate adaptive regression spines (MARS) (Friedman, 1991; 88 

Tsige et al., 2016), random forest (RaF) (Chu et al., 2018; Pourghasemi and Kerle, 2016), 89 



adaptive neuro-fuzzy inference systems (ANFIS) (Bui et al., 2011; Polykretis et al., 2017) and 90 

Naive Bayes (NB) (Hong et al., 2019; Venkatesan et al., 2013). The methods mentioned 91 

above have been skillfully applied to landslide susceptibility prediction and have performed 92 

well, but some attempts to improve prediction capabilities should also be started, such as 93 

trying new ensemble machine learning algorithms. Therefore, four well-known machine 94 

learning methods, namely rotation forest (RF), J48 decision tree (J48), alternating decision 95 

tree (ADT) and random forest (RaF), are used to analyze the spatial susceptibility of regional 96 

landslides in Muchuan County, Sichuan Province, in this research. 97 

The innovation of this research lies in the application of four machine learning methods 98 

and their integrated models to the spatial prediction of landslide susceptibility in Muchuan 99 

County. Concurrently, six landslide susceptibility maps generated by the above models are 100 

analyzed to select the best modeling method. And the six landslide susceptibility maps were 101 

verified by using the area under the receiver operating characteristic (ROC) curve, the area 102 

under the ROC (AUC) and statistical methods. Finally, the research results of landslide 103 

susceptibility can help the land use management planning and landslide disaster prevention in 104 

Muchuan County and other similar geological environment areas. 105 

2. Study area and data preparation 106 

Muchuan County, with an area of 1408 km2, is found within the longitudes of 103°21′ ~ 107 

104°37′E, and the latitudes of 28°49′ ~ 29°31′N (Fig. 1). The altitudes of the study area vary 108 

from 290 m to 1866 m according to the digital elevation model (DEM) with a 20 m regular 109 

grid. The climate of Muchuan County is warm in winter and cool in summer, abundant in 110 

rainfall, overcast and rainy, and it is a humid subtropical monsoon climate. Rainfall tends to 111 



increase from northwest to southeast. As the elevation increases, the annual rainfall gradually 112 

increases, and the annual average precipitation is 1332mm. The coldest January is only 7.2℃, 113 

while the hottest July has an average temperature of 26.2℃. The frequency of Rainstorm in 114 

rainy season from June to September is high, accounting for 65% of the annual precipitation.  115 

 116 

Fig. 1 Study area. 117 



It is known that the landslide database is the basic data of landslide susceptibility research, 118 

which includes location, scale, cause, an object of threat, potential loss and so on. The 279 119 

landslides were determined, and the landslide centroids were extracted to make landslide 120 

points and divided into a training dataset containing 195 landslides and a validation dataset 121 

containing 84 landslides at a ratio of 70/30, respectively. On the basis of previous relevant 122 

researches, combined with the local geological environment characteristics (Chen et al., 123 

2019b; Li and Wang, 2019), this study compiled 12 landslide conditioning factor data layers, 124 

including plan curvature, profile curvature, slope angle, slope aspect, elevation, topographic 125 

wetness index (TWI), land use, normalized difference vegetation index (NDVI), soil, 126 

lithology, distance to roads and distance to rivers (Table 1 and Fig. 2). The source of 127 

conditioning factors of the above landslides include: 20m remote sensing elevation data, 128 

1:100,000 scale land use layer provided by local government, Landsat 8 satellite imagery, 129 

1:200,000 scale soil map provided by the Chinese Academy of Sciences, 1:200,000 scale 130 

lithologic map provided by China Geological Survey and 1:5,000 scale topographic map. 131 

Using ArcGIS 10.5 software and ENVI 5.3 software, 12 factor layers with resolution of 20m 132 

× 20m were prepared, and they were classified according to their own rules. The classification 133 

results are shown in Table 2. In addition, the description of each factor is as follows.  134 

As a very significant factor to dominate the concentration and separation of terrain, plan 135 

curvature is directly associated with the surface water velocity and the erosion degree of rock 136 

and soil mass (Kornejady et al., 2019). The profile curvature is major reflected in the erosion 137 

of rock and soil by surface water and the accumulation of slope deposits (Pham et al., 2018; 138 

Zhuang et al., 2018). The change of slope angle affects the stress of the slope foot. When the 139 



slope angle is larger, the stress concentration at the slope foot is more obvious. Therefore, the 140 

greater the slope angle, the more likely it is to become unstable and form landslides (Xie et al., 141 

2019). The slope aspect has an extremely significant influence in the landslide spatial 142 

prediction, which not only affects the slope inclination direction, but also indicates and affects 143 

the slope profile, rainfall, sunshine, wind erosion and so on (Braun et al., 2019; Razavizadeh 144 

et al., 2017). Elevation, as the most important and commonly used factor in the landslide 145 

spatial prediction, will lead to its own nature to affect terrain properties, making the terrain at 146 

different altitudes present certain spatial-temporal differences; it also affects temperature 147 

changes and vegetation distribution. Temperature and vegetation distribution density are 148 

inversely related to elevation. At high elevation, the temperature is low and the vegetation is 149 

sparsely distributed. In addition, elevation can also affect the freeze-thaw cycle of rock and 150 

soil (Pradhan and Lee, 2010; Sheng and Chen, 2017). TWI considers topography and soil 151 

characteristics when considering soil moisture distribution, which has significant theoretical and 152 

practical significance for studying spatial distribution of soil moisture in watershed (Canoglu et 153 

al., 2018; Raja et al., 2017). Land use refers to the process of landscape transformation. Due 154 

to the needs of human production and life, land is divided into different categories. Different 155 

types have different characteristics. For example, they can change the characteristics of 156 

surface water flow. Surface water in cities is dominated by runoff, while surface water in 157 

cultivated land is dominated by infiltration (Diva et al., 2018; Persichillo et al., 2017). NDVI 158 

can be used to compare the characteristics of two bands in the multispectral raster dataset to 159 

express the vegetation coverage on the earth's surface (Fiorucci et al., 2019; Sun et al., 2017). 160 

The vegetation cover can consolidate the stability of the slope, so as to reduce the occurrence 161 



of landslides. Landslides are distributed differently in different soil types, and different soil 162 

types will behave differently under the same rainfall intensity. This is mainly due to the 163 

differences in mineral composition, structure, density, porosity, shear strength and 164 

permeability coefficient among different soil types (Basher et al., 2018; Thomas et al., 2018). 165 

The strata of a slope are the material basis of the landslide. Some slopes are made up of hard 166 

rock, some of soft rock and some of soil. Due to the different lithology, their shear strength is 167 

different, leading to different possibility of landslide occurrence. Slopes of hard rock are steep 168 

and stable, with few landslides. On the contrary, slopes composed of shale, mudstone and 169 

other surface overburden, such as clay and gravel soil, are more prone to deformation and 170 

landslides (Tsangaratos and Ilia, 2017; Watakabe and Matsushi, 2019). Because of the large 171 

mountainous area in the study area, road construction is inevitable. It must be noted that the 172 

stress concentration at the bottom of the slope caused by road construction may damage the 173 

stability of the slope. In addition, the road construction will also form a new water catchment 174 

surface, thereby changing the original surface water and groundwater runoff field on the slope 175 

(Losasso et al., 2017; Sridhar et al., 2019). To some extent, the distance from the river reflects 176 

the hydraulic connections between the slope and the outside. The influence of slope on the 177 

river mainly depends on the distance to rivers, and they are positively correlated with each 178 

other. On the one hand, the river erodes the rock and soil mass at the foot of the slope through 179 

lateral erosion, which aggravates its instability. On the other hand, the water in the river will 180 

enter the slope through capillarity, increasing the mass of the slope and reducing the strength 181 

of its weak layer, aggravating its instability (Cordeira et al., 2019; Zhao et al., 2017). 182 

Table 1 Classification of landside conditioning factors. 183 



No. Conditioning factors Classes 

1 Plan curvature 
(1) (-26.54) – (-3.17); (2) (-3.17) – (-1.10); (3) (-1.10) - 0.56; (4) 0.56 - 
2.62; (5) 2.62 - 26.21 

2 Profile curvature 
(1) (-34.72) – (-4.17); (2) (-4.17) – (-1.39); (3) (-1.39) - 0.88; (4) 0.88 - 
3.66; (5) 3.66 - 29.66 

3 Slope angle (°) 
(1) 0-10; (2) 10-20; (3)20-30; (4) 30-40; (5) 40-50; (6) 50 - 60; (7) 
60-70; (8) 70 - 77.14 

4 Slope aspect 
(1) Flat; (2) North; (3) Northeast; (4) East; (5) Southeast; (6) South; (7) 
Southwest; (8) West; (9) Northwest 

5 Elevation (m) 
(1) 290 - 500; (2) 500 - 700; (3) 700 - 900; (4) 900 - 1,100; (5) 1,100 - 
1,300; (6) 1,300 - 1,500; (7) 1,500 - 1,700; (8) 1,700 - 1,866 

6 TWI 
(1) 0.35 - 1.63; (2) 1.63 - 2.41; (3) 2.41 - 3.36; (4) 3.36 - 4.81; (5) 4.81 
- 14.58 

7 Land use 
(1) Farm land; (2) Forest land; (3) Grass land; (4) Water; (5) 
Residential areas; (6) Bare land  

8 NDVI 
(1) (-0.13) - 0.13; (2) 0.13 - 0.24; (3) 0.24 - 0.30; (4) 0.30 - 0.37; (5) 
0.37 - 0.58 

9 Soil 

(1) Paddy soil; (2) Acid purple soil; (3) Neutral purple soil; (4) 
Calcareous purple soil; (5) Calcareous soil; (6) Yellow-brown soil; (7) 
Yellow calcareous soil; (8) Yellow soil; (9) Dark-yellow-brown soil; 
(10) Purple soil 

10 Lithology 

(1) Sandstone with mudstone and siltstone interlayers; (2) 
Grayish-purple arkose, siltstone with shale and limestone interlayers; 
Bright red mudstone with sandstone and siltstone interlayers; (3) 
Yellow-gray feldspar-quartz sandstone interbedded with purple-red 
mudstone; (4) Aubergine mudstone, quartz sandstone and siltstone with 
biosparite and marl interlayers; (5) Gray sandstone, siltstone and 
mudstone; Grayish-yellow arkose, siltstone, mudstone and coal; (6) 
Yellow-gray dolomite with limestone, gypsum salt and breccia 
interlayers; (7) Limestone, dolomite and shale; (8) Yellow-green 
sandstone, siltstone with mudstone and coal interlayers; (9) Limestone, 
dolomite, shale, siltstone; (10) Grayish-green basalt with picrite, 
tufaceous sand-mudstone, coal streak and siliceous rock interlayers 

11 Distance to roads (m) 
(1) <500; (2) 500 - 1,000; (3) 1,000 – 1,500; (4) 1,500 - 2,000; 
(5) >2,000 

12 Distance to rivers (m) (1) <200; (2) 200 - 400; (3) 400 - 600; (4) 600 - 800; (5) >800  
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188 
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Fig. 2 Landslide conditioning factors: (a) plan curvature, (b) profile curvature, (c) slope angle, (d) 190 

slope aspect, (e) elevation, (f) TWI, (g) land use, (h) NDVI, (i) soil, (j) lithology, (k) distance to roads, 191 



and (l) distance to rivers. 192 

3. Modeling approach 193 

3.1 Rotation forest (RF) 194 

As a replacement technique supported the concept of feature transformation proposed by 195 

Rodriguez et al. (Rodriguez et al., 2006), the RF model can be used to improve the range and 196 

accuracy of basic classifiers (Pardo et al., 2013). Before the extraction of each sub-sample, 197 

the sample attribute sets were divided and combined randomly and using principal component 198 

analysis (PCA) to transform the data among the sub-attribute sets (Lasota et al., 2012; Zhang 199 

and Zhang, 2008). After the processes mentioned above, it not only makes each sub-sample 200 

different but also preprocess the data partially (Du et al., 2015). Finally, the diversity and 201 

accuracy of each base classifier were improved. In this research, it is assumed that v= (v1, 202 

v2, …, vn) represents the vector of conditioning factors. l= (l0, l1) is the vector of non-landslide 203 

and landslide classes. T is the training dataset. B1, B2, …, BL are the classifiers in the ensemble 204 

framework. Q is a group of conditioning factors composed of m subsets, and each subset 205 

contains H=m/12 landslide conditioning factors. Tij is the landslide conditioning factor of Qij 206 

in T, and the coefficient 
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The average grouping methodology was then used to obtain the coefficients (ε)m  for 210 



each class in a given test subset (Pham et al., 2019): 211 
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m i i

i

C k h
L

 


   (2) 

where 
,m (ε )i iC

  is the chance of the classifier Bi to the hypothesis that ε belongs to class m. 212 

Finally, ε is appointed to the class with the utmost confidence.  213 

3.2 J48 214 

The decision tree classifier displays the sample structure based on a tree-like hierarchical 215 

structure, and creates a classification tree, where non-terminal annotations indicate attribute 216 

testing, and terminal annotations indicate decision results (Sahu and Mehtre, 2015). Because 217 

of its stable performance, it has been used in landslide susceptibility prediction many times 218 

(Pham et al., 2017; Tien Bui et al., 2014a). J48 decision tree (J48) is an optimization model 219 

based on the C4.5 algorithm as a decision tree classifier and is often used to deal with 220 

classification problems in machine learning and data mining (Hayashi and Nakano, 2015; 221 

Kang and Michalak, 2018; Tien Bui et al., 2014b). The C4.5 algorithm was first proposed by 222 

J. Ross Quinlan based on ID3. Its main purpose is to explore the mapping relationship from 223 

attribute values to categories. The mapping relationship can be used to classify the results that 224 

need to be classified (Moral-García et al., 2019; Sathyadevan and Nair, 2015).Also, another 225 

well-known decision tree classifier method, namely the classification and regression tree 226 

(CART), was also derived from the ID3 algorithm (Youssef et al., 2016).  227 

In this research, the J48 model was used as one of the basic models for landslide 228 

susceptibility prediction. Its principle is to sort unknown samples from root node to leaf node 229 

by programming (Anzola et al., 2015). The main operation steps are: find the input data of the 230 



conditioning factors through the training dataset with the highest gain quantitative relation 231 

and build the tree structure; the primary internal node is the root note, and then generate 232 

sub-notes by combining the sub-training data generated from the training dataset; find the 233 

gain ratio of the sub-notes to select the landslide conditioning factors with high gain ratio. 234 

Repeat till all instances within the training dataset are appointed the gain quantitative relation 235 

of the leaf nodes, or the remaining variables cannot be split (Hong et al., 2018). 236 

3.3 Alternating decision tree (ADT) 237 

The ADT model is a classifier, which is composed of direct representation of a decision tree 238 

combined with a boosting algorithm (Freund and Mason, 2002). However, the nodes of the 239 

ADT model are composed of prediction nodes and split note, which is distinguished from 240 

decision nodes (Kuang and Po-Leen Ooi, 2010; Sok et al., 2015). A precondition zp, a basic 241 

condition zb and two real numbers x and y form the basic ruler mapping from instances to real 242 

numbers (Chen et al., 2019a; Pham et al., 2016). zp∩zb represents the prediction as x, and 243 

conversely, the predicted value y represents zp∩-zb. F(z) is the total weights of the training 244 

instances. The values of x and y are calculated by the following equation: 245 

( ) ( )1 1
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2 ( ) 2 ( )
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The best zp and zb are achieved by minimizing the Ft(zp, zb), as shown in the following: 246 

( ) 2 ( ) ( ) ( ) ), ( ) (p b p b p b p b p b btF Fz z z z zF z z z z zF F Fz
  

           (4) 

a represents a set of instances. wt(a) denotes the two predicted values (x and y) of each 247 

layer of the tree structure. W represents a set base rule. So, a new rule can be: Wt+1=Wt+wt. 248 

The classification of instances is the sign of the sum of total predicted values in Wt+1:  249 
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   (5) 

This method usually uses cross-validation to find the best constant prediction value of the 250 

whole dataset (Pfahringer et al., 2001). 251 

3.4 Random forest (RaF) 252 

The RaF model is an integrated machine learning technique proposed by Breiman, used for 253 

regression, classification and different works (Breiman, 2001). It is composed of multiple 254 

decision trees (Breiman, 2001; Deng and Guo, 2011). The basic unit of the RAF model is the 255 

decision tree. Its essence is a part of machine ensemble learning, and it is an algorithm that 256 

integrates holistic learning with multiple trees (Bernard et al., 2008; Mantas et al., 2018; Vens, 257 

2013). Because the model has the advantages of generating high accuracy classifiers, not easy 258 

to over fitting, excellent anti-noise ability, and fast training speed, the RaF algorithm is 259 

widely utilized in difficult prediction work, especially in nonlinear high-dimensional landslide 260 

spatial evaluation (Dang et al., 2018). 261 

In this research, the process of model processing data can be briefly summarized as the 262 

following: (i) selecting samples from the training dataset to generate a new training sample 263 

set, (ii) using the landslide conditioning factors to establish a decision tree; (iii) repeating the 264 

above steps to generate decision trees and form the RaF; (iv) using the remaining data of 265 

training dataset and validation dataset to verify the model; (v) The model was applied to the 266 

whole study space and classified into landslide susceptibility classes. 267 

4. Results 268 

4.1 Predictive ability of landslide conditioning factors 269 



In recent years, some researches have shown that the predictive ability of landslide 270 

conditioning factors in different research areas is different, which plays a positive or negative 271 

affect within the prevalence of landslides (Lee et al., 2018; Wu et al., 2019). In other words, 272 

they may not have any positive effect on the occurrence of landslides, that is, to inhibit the 273 

occurrence of landslides. Due to the differences in hydrogeology, engineering geology, and 274 

human activities between different regions, a lack of unified, reasonable and effective criteria 275 

for landslide conditioning factors has not been formed. The reasonability of the selected 276 

conditioning factors mainly dependent on whether the researchers have an accurate 277 

understanding of the geological environment conditions in the landslide area. In this study, the 278 

average merit (AM) and standard deviation (St.d) of correlation attribute evaluation (CAE) 279 

model are used as the evaluation criteria to evaluate the prediction ability of conditioning 280 

factors on landslide occurrence and the values are shown in Table 2. If the conditioning 281 

factors promote landslide susceptibility, the AM value is greater than zero. The CAE model 282 

verifies that the selected conditioning factors in this study all play a positive role in promoting 283 

landslides. Among them, lithology, elevation and TWI have the most obvious promoting 284 

effect; the promoting effect of slope aspect exists but is not obvious. In conclusion, the 285 

conditioning factors selected in this study have relatively high rationality. 286 

Table 2 Predictive ability of conditioning factors based on the CAE model. 287 

Factors average merit (AM) standard deviation (St.d) 

Elevation 0.231 ±0.012 

Lithology 0.224 ±0.016 

TWI 0.214 ±0.013 

Distance to roads 0.205 ±0.016 

Slope angle 0.174 ±0.015 

Landuse 0.153 ±0.018 

Distance to rivers 0.092 ±0.009 

NDVI 0.059 ±0.015 



Plan curvature 0.057 ±0.014 

Profile curvature 0.048 ±0.017 

Soil 0.020 ±0.011 

Slope aspect 0.009 ±0.006 

4.2  Generation of landslide susceptibility maps 288 

The last and most critical step of the research is to generate the landslide susceptibility maps. 289 

It is carried out under the combined action of selected and analyzed 12 landslide conditioning 290 

factors and six trained models and directly graphically shows the spatial distribution 291 

characteristics of landslide susceptibility differences in the research area. Generally speaking, 292 

the generation of the landslide susceptibility map is divided into three steps. Firstly, the 293 

landslide susceptibility index (LSI) of each evaluation unit was calculated by the six 294 

established models. Then, all the LSIs were introduced into the drawn landslide inventory 295 

map to become property on the map. Thirdly, using the appropriate method to classify the 296 

landslide susceptibility grades. The Jenks natural fracture method was applied to classify the 297 

landslide susceptibility grades. This is mainly because the classification results of the Jenks 298 

natural breaks method are characterized by small differences within groups and large 299 

differences between groups. Furthermore, it can effectively analyze the characteristics of the 300 

data to make the results objective and reliable. Finally, the landslide susceptibility grades of 301 

this research were partition into five grades, namely very low, low, moderate, high and very 302 

high. It can be seen that the six maps in Fig. 3 are the final maps created by the J48, ADTree, 303 

RaF, RF-J48, RF-ADTree and RF-RaF models, respectively. The area proportion of the six 304 

models in the five landslide susceptibility grades and the percentage of the landslides number 305 

in each grade are shown in Fig. 4. Each detail data is also shown on the offside of the bar 306 

graph in Fig. 4. Different models reflect the dominant distribution of very low susceptibility 307 



areas, and most landslides occur in very high susceptibility grade. 308 

309 

310 



 311 

Fig. 3 Landslide susceptibility maps: (a) J48 model, (b) ADTree model, (c) RaF model, (d) RF-J48 312 

model, (e) RF-ADTree model, and (f) RF-RaF model. 313 

 314 

Fig. 4 Percentages of landslide susceptibility grades. 315 

4.3  Models performances and analysis 316 

The scientific nature, accuracy and later applicability of the research results largely depend on 317 



whether the research model is selected appropriately. Hence, the model performance and 318 

analysis are an indispensable section of landslide susceptibility evaluation research. Without 319 

this section, the rigor of the research process will be weakened, and the results will not have 320 

any practical scientific significances (Amato et al., 2019; Merghadi et al., 2020). Based on the 321 

above reasons, the relative operating characteristic (ROC) curve and its parameters, such as 322 

AUC value, standard error, 95% confidence interval (CI) and P value, were adopted to 323 

analyze the performance of the six models used in this research. The AUC value of the ROC 324 

curve generated from the training dataset is called the success rate, while the AUC value of 325 

the ROC curve generated from the validation datasets is called the prediction rate. As can be 326 

seen from Fig. 5 and Fig. 6, there are six ROC curves in each figure, which respectively 327 

represent the six susceptibility research models used in this study. RF-RaF and RaF models 328 

performed best in the training dataset with the highest success rate of 0.75, followed by the 329 

RF-ADTree model (0.74), RF-J48 model (0.74), ADTree model (0.71) and J48 model (0.70). 330 

At the same time, model performance in the validation dataset expressed similar results, 331 

namely RF-RaF model achieves the best performance with the prediction rate of 0.82, RaF 332 

model (0.79) achieved the best performance. And the RF-ADTree, RF-J48, ADTree and J48 333 

models indicate that the AUC values of the prediction rates are 0.80, 0.77, 0.76 and 0.71, 334 

respectively. Additionally, the results of other parameters of ROC curves in Table 3 and 335 

Table 4 are the same as AUC values, and each model has extremely significant statistical 336 

differences. For example, in the training and validation datasets, the RF-RaF model has the 337 

smallest standard error, 95% CI and P value, which indicate the RF-RaF model performed 338 

outstandingly in this study. 339 



 340 

Fig. 5 ROC curves of the six models using training dataset. 341 

 342 

Fig. 6 ROC curves of the six models using validation dataset. 343 

Table 3 Parameters of ROC curves with training dataset. 344 

Test Variables RF-J48 RF-ADTree RF-RaF J48 ADTree RaF 

AUC 0.730 0.739 0.753 0.699 0.707 0.752 

Standard Error 0.026 0.025 0.024 0.027 0.026 0.025 

95% CI 0.680-0.780 0.689-0.788 0.705-0.800 0.647-0.751 0.656-0.759 0.704-0.800 

P Value < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 

 Table 4 Parameters of ROC curves with validation dataset. 345 

Test Variables RF-J48 RF-ADTree RF-RaF J48 ADTree RaF 



AUC 0.770 0.799 0.819 0.707 0.755 0.792 

Standard Error 0.036 0.034 0.032 0.041 0.037 0.034 

95% CI 0.699-0.841 0.732-0.865 0.756-0.882 0.627-0.786 0.683-0.828 0.725-0.859 

P Value < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 

5. Discussion 346 

In the present study, J48, ADTree, RaF, RF-J48, RF-ADTree and RF-RaF were implemented 347 

to landslide spatial prognosis research in Muchuan County, China. Firstly, 279 landslides 348 

were collected through field investigation and satellite images interpretation, and a landslide 349 

inventory map was compiled. Then, twelve conditioning factors, for example elevation, 350 

lithology, TWI, distance to roads, slope angle and so on, were selected based on local 351 

geo-environmental characteristics and related landslide research literature. Also, the selected 352 

conditioning factors distinguish the predictive ability of landslide occurrence through the 353 

CAE model, and elevation, lithology and TWI were identified to be the three most significant 354 

factors. Finally, the above-mentioned six algorithms establish their landslide susceptibility 355 

models based on twelve conditioning factors, and the landslide spatial prediction in Muchuan 356 

County is studied. As everyone knows, elevation, lithology and TWI play a vital role in the 357 

occurrence of landslides (Zhou et al., 2018). Multitudinous researchers have been searching 358 

for the relationship between elevation and landslides. Sheng and Chen proposed a landslide 359 

detection method based on elevation: to enhance the distinguishability of the geological 360 

environment characteristics of the research area, adopt the slow feature analysis (SFA) 361 

method, and then apply intelligent algorithms to model and compare with the actual landslide 362 

distribution (Sheng and Chen, 2017). Lithology is critical to the occurrence of landslides, and 363 

it is the basis of the material composition of slopes. The shear strength varies drastically in 364 

different lithologies, which makes the probability of landslide occurrence differently. Many 365 



experts and scholars emphasize the key role of lithology change in landslide (Jaafari et al., 366 

2014). Wu and Qiao found that in addition to the relative height difference, slope and 367 

curvature, lithology was also an essential conditioning factor. According to the field 368 

investigation in the Three Gorges Reservoir area, they found lithologies of J3s, J3p and T2b 369 

contribute the most (Wu and Qiao, 2009). TWI is commonly accustomed to describe the 370 

spatial distribution characteristics of soil moisture. Generally speaking, with the increase of 371 

soil water content, the internal friction angle and cohesion of soil will decrease significantly, 372 

which will affect the occurrence of the landslide. By simulating the response process of the 373 

slope to precipitation and introducing the soil moisture provided by field sensors, Marino et al. 374 

conducted an experimental study on the impact of soil moisture on shallow landslides 375 

(Marino et al., 2020). 376 

The landslide susceptibility maps generated by six different models and related data 377 

statistics show that the landslide susceptibility maps classified by Jenks natural breaks method 378 

are reasonable, which effectively and intuitively show the objective landslide susceptibility 379 

zoning results (Fig. 3). From the area proportion and the relative proportion of landslide 380 

number in each grade of relevant data statistics (Fig. 4), it can be seen that the area and 381 

landslide proportion of all model zones follow the Jenks natural fracture rules and are 382 

reasonable distribution. The RF-RaF model has the best partition result, and the landslide 383 

number distribution in each grade is the most reasonable. The reason is that the RF algorithm 384 

is improved base on the RaF algorithm, which has the advantages of good code readability 385 

and high precision. The RF model has been used in scientific research many times in recent 386 

years. For example, Naghibi et al. Considered that the groundwater susceptibility map 387 



generated by the RF model in meshgin Shahr of Iran has higher accuracy than traditional 388 

models, such as enhanced regression tree, classified regression tree and evidence belief 389 

function (Naghibi et al., 2019). Artetxe et al. conducted a susceptibility study on patient 390 

readmission based on the RF model. The prediction accuracy of this model is more than 70%, 391 

which indicates that the RF model can be used for on-site analysis of medical staff (Artetxe et 392 

al., 2017). Although the RF model is a relatively advanced algorithm, in order to further 393 

explore the advantages of the algorithm and meet the needs of scientific research, it is also an 394 

extensional application of the model to build integrated models by coupling with other 395 

algorithms. Therefore, in this paper, four other algorithms widely used in landslide 396 

susceptibility research were introduced based on the RF model. This study was conducted by 397 

comparing the performance of three benchmark models, and three RF integrated hybrid 398 

models (J48, ADTree, RaF, RF-J48, RF-ADTree and RF-RaF models). 399 

The performance of the above six models during this research was demonstrated and 400 

compared by ROC curves, especially by the parameter AUC value of each model. As shown 401 

in Table 3 and Table 4, the RaF or RF-based model performs eminently in the training and the 402 

validation datasets. Although the success rate of the RaF model in the training dataset is 0.75, 403 

which is equal to RF-RaF model that consists of RaF and RF models, it cannot be denied that 404 

the RF-RaF model has an excellent performance. In case of the validation dataset, the 405 

advantage of RF-RaF model becomes more obvious, and its AUC value (0.82) is significantly 406 

higher than other models. Other parameters in the training and validation datasets, such as 407 

standard error and 95% CI, show the same results too. And the integrated model is more 408 

predictive than the single model. Therefore, it can be considered that the landslide 409 



susceptibility maps of all the above models can be used as the data of natural resource 410 

management and land use planning in Muchuan County, and the map drawn by RF-RAF 411 

model is the most convincing. At the same time, it also provides a reference for different 412 

regions under similar geological environment. 413 

6. Conclusions 414 

Landslide spatial prediction research is the most basic and critical part in landslide disaster 415 

prevention, which determines the probability difference of landslide spatial distribution, that 416 

is, landslide susceptibility grade. The purpose of this research is to establish landslide spatial 417 

prediction models in Muchuan County by J48, ADTree, RaF, RF-J48, RF-ADTree and 418 

RF-RaF models. Then, according to the local geo-environmental conditions and previous 419 

research results, 12 landslide conditioning factors are selected, and the prediction ability of 420 

each conditioning factor is analyzed and evaluated by using CAE model. Next, six landslide 421 

susceptibility maps were obtained by the six models, and the grades of susceptibility were 422 

separated into five grades by the Jenks natural breaks method, i.e., very low, low, moderate, 423 

high and very high. Last, the ROC curves were introduced to predict the spatial evaluation 424 

capabilities of those models. It was indicated that RF-RaF, RaF and RF-ADTree model are 425 

the three well performed models in both training and validation datasets, and the AUC values 426 

of RF-RaF model in the training and validation datasets are 0.75 and 0.82 respectively. In 427 

addition, this study also proves that ensemble model has more powerful spatial prediction 428 

capability than a single model. Finally, the RF-RaF model can be considered as the most 429 

suitable model for landslide spatial assessment within the study area, and the results can 430 

provide scientific references of landslide prevention and management for native natural 431 



resources departments. 432 
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Figures

Figure 1

Study area. Note: The designations employed and the presentation of the material on this map do not
imply the expression of any opinion whatsoever on the part of Research Square concerning the legal
status of any country, territory, city or area or of its authorities, or concerning the delimitation of its
frontiers or boundaries. This map has been provided by the authors.



Figure 2

Landslide conditioning factors: (a) plan curvature, (b) pro�le curvature, (c) slope angle, (d) slope aspect,
(e) elevation, (f) TWI, (g) land use, (h) NDVI, (i) soil, (j) lithology, (k) distance to roads, Note: The
designations employed and the presentation of the material on this map do not imply the expression of
any opinion whatsoever on the part of Research Square concerning the legal status of any country,
territory, city or area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This
map has been provided by the authors.



Figure 3

Landslide susceptibility maps: (a) J48 model, (b) ADTree model, (c) RaF model, (d) RF-J48 model, (e) RF-
ADTree model, and (f) RF-RaF model. Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research
Square concerning the legal status of any country, territory, city or area or of its authorities, or concerning
the delimitation of its frontiers or boundaries. This map has been provided by the authors.



Figure 4

Percentages of landslide susceptibility grades.



Figure 5

ROC curves of the six models using training dataset.



Figure 6

ROC curves of the six models using validation dataset.


