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Abstract: The purpose of this research is to develop and compare two machine learning methods, namely, artificial neural 1 

network (ANN) and random forest (RF) used for in landslide susceptibility mapping (LSM) of Wushan County. Firstly, 866 2 

landslides were collected from extensive field investigations, historical records and satellite images from 2001 to 2016. Based 3 

on previous literature reviews and the field investigations, a geospatial database was established in geographic information 4 

system (GIS) based on topography, geological conditions, environmental conditions and human activities factors, including 5 

22 conditioning factors. Then, based on samples of landslides and non-landslides, the 10-fold cross-validation was used to 6 

select the best training and test datasets. Finally, the LSMs of Wushan County were generated. Subsequently, susceptibility 7 

maps of the two models were divided into: very low, low, medium, high and very high class using experts’ experience method. 8 

The two models were compared with area under the receiver operating characteristic (ROC) plot values (AUC) and confusion 9 

matrix. The AUC values of the ANN and RF models’ test dataset was 0.966 and 1.000, and the accuracy were 0.953 and 1.000, 10 

respectively. According to the mean decrease Gini of RF model, the most important conditioning factors were elevation (a 11 

mean decrease accuracy of 72.38), followed by annual average rainfall (47.95) and POI kernel density (45.63). Above all, it is 12 

concluded that both ANN and RF models were satisfactory for the LSM of Wushan County at the mountainous region. The 13 

RF model had an outperformer prediction and is considerably more efficient than the ANN model. 14 

 15 

 16 
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1     Introduction  18 

As one of the most important natural disasters, landslides cause heavy loss of human life and property in many countries 19 

all over the world yearly (Mondal and Mandal 2017). According to Petley (Petley 2012), 2,620 fatal landslides were recorded 20 

worldwide from 2004 to 2010, resulting in the death of at least 32,322 people. The Safe Land-FP7 project reports that landslides 21 



 

in China are at high risk and widely distributed(Huang and Li 2011), causing more than 700 deaths each year and damages to 22 

properties and infrastructures valued at CNY 20 billion. Especially in the southwest of China, the Three Gorges Reservoir area 23 

(TGRA) has been having large relief of terrain, coupled with the periodic rise and fall of water level since 2010, resulting in 24 

the instability of the slope on both sides. This has led to the frequency of new landslides, putting the life and property of local 25 

residents at risk. For example, Shanshucao landslide destroyed 6,140 houses, 40,000 km2 citrus forest, Daling power station 26 

and many roads in 2014, resulting in economic losses of more than 32 million yuan(Zhou et al. 2020). At the same time, the 27 

occurrence of these severe events accelerated the process of landslide disaster prevention and prediction research. 28 

Traditional landslide research is limited to the occurrence mechanism of single landslide, and cannot explore the law of 29 

macro scale. As an effective tool for detecting the likelihood of landslide occurring in a region (Kanungo et al. 2008), landslide 30 

susceptibility mapping (LSM) is a very valuable countermeasure for governments and engineers to mitigate destructions by 31 

landslides (Harp et al. 2011; Steger et al. 2017). Therefore, LSM related research has become one of the hottest topics in recent 32 

years. Scholars have conducted landslide susceptibility studies in some regions (Pourghasemi et al. 2012; Mondal and Mandal 33 

2017; Silalahi et al. 2019), but few in Wushan County of TGRA. As a server landslide disaster area in TGRA, it is of great 34 

significance to explore the landslide susceptibility law and carry out landslide prevention and control work. 35 

In addition, the application of modeling methodologies plays a key role in the effectiveness of LMS. By and large, 36 

methods of LSM can be qualitative or quantitative (Reichenbach et al. 2018).  Qualitative methods generally need to combine 37 

the professional knowledge of engineering geologists and geomorphologists, and have certain subjectivity(Wang et al. 2021). 38 

Quantitative methods include traditional statistical methods, physical-based methods, and advanced data mining 39 

technologies(Reichenbach et al. 2018) . Although the statistical methods can calculate the spatial probability of landslide 40 

occurrence and provide spatial information, it is inevitable to carry out the process of weight assignment, such as frequency 41 

ratio (FR) (Silalahi et al. 2019), weights of evidence (Ding et al. 2016), logistic regression (LR) etc (Xie et al. 2018). In 42 

physical-based methods, the parameters or weights of some factors can be obtained through experiments, but they are only 43 

applicable to a small number of landslides or small-sized areas(Li and Lan 2015).  More recently, advanced data mining 44 

technologies combined with GIS (Geographic Information Science) and remote-sensing for LSM are more favored by 45 

researchers. Data mining technologies can reduce bias and subjectivity in the weight assignment and are suitable for large-46 

scale areas, including support vector machine model (SVM) (Huang and Zhao 2018), artificial neural network model (ANN) 47 

(Andang Suryana et al. 2019), random forest model (RF) (Sun et al. 2021), classification and regression trees etc (Chen et al. 48 

2017).    49 

However, data mining method also have different performances due to their different algorithms and study areas. For 50 

example,  as one of the data mining methods used for spatial modeling of landslides,  ANN model is confirmed to be able to 51 

deliver high and reliable predictions (Lucchese et al. 2021). RF model is a nonparametric and non-linear algorithm. It can deal 52 

with large datasets containing both categorical and numerical data and account for complex interactions and non-linearity 53 

between variables (Taalab et al. 2018).  Sahin et al. (Sahin et al. 2018) conducted a comparative assessment of different 54 
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methods for LSM and the results showed that AUC value of RF model is higher than that of others. Hence, comparing models 55 

to find out the most accurate ones has become one of the important research contents. Although researchers have carried out 56 

several comparative studies on different models (Hong et al. 2016; Chen et al. 2017; Kalantar et al. 2017), the comparative 57 

studies of some advanced methods are still insufficiently applied to Wushan County in TGRA and the relationship between 58 

landslides and conditioning factors is not clear. Therefore, two typical and advanced data mining models: ANN and RF models, 59 

are selected as examples in this study. According to previous studies (Tian et al. 2018; Harmouzi et al. 2019; Li et al. 2021), 60 

there is no doubt that these two methods are effective to analyze the possibility of landslides. In addition, it is of great 61 

significance to explore the relationship between landslides and conditioning factors and to excavate the dominant factors for 62 

accurate prevention and detection of landslides.    63 

In this study, firstly, based on GIS technology, remote sensing data, topographic data and geological data, four type factors 64 

(including 22 secondary factors), 866 historical landslides and non-landslides were used as data sources. Secondly, RF and 65 

ANN models were used to construct LSMs in Wushan County of TGRA. ROC (receiver operating characteristic), AUC (the 66 

area under the curve) value of ROC curve, precision and other indicators were used for quantitative comparative study. Lastly, 67 

we deeply analyzed the importance of landslide conditioning factors and the spatial distribution characteristics of landslides. 68 

This article has three objectives: (1) To study the LSM of mountainous county (Wushan County); (2) To compare and analyze 69 

two advanced sophisticated data mining techniques; (3) To identify the dominant factors of landslides.  70 

2    Materials 71 

2.1 The Study Area 72 

Wushan County (between 109°33′ - 110°11′E and 30°46′N - 31°28′N) is located in the east of Chongqing, at the heart of 73 

the Three Gorges Reservoir area, known as the ‘Northeast Chongqing Portal’ (Fig.1). Its altitude ranges from 63 m to 2,688 m 74 

above the sea level, as calculated from a 30 m regular grid digital elevation model (DEM). Wushan County is located at the 75 

junction of the three structural systems of the Dabashan arc structure, the Eastern Sichuan fold belt and the Sichuan-Hubei-76 

Hunan-Guizhou uplift fold belt, with sophisticated structural stress fields. The terrain comprises a succession of limestone 77 

ridges and gorges, with inter-gorge valleys where interbedded mudstones, shales, and thinly bedded limestones 78 

predominate(Liu et al. 2020). Therefore, the stability of the study area is poor, coupled with rainfall softening and reservoir 79 

erosion leading to easy formation of landslides. In addition to Triassic and Permian strata, Wushan County is also distributed 80 

in Devonian, Cambrian, Eocene, etc. The geology of the area is mainly composed of a Sinian-Jurassic sedimentary, and a pre-81 

Sinian crystalline basement. Under a humid subtropical monsoon climate and obvious three-dimensional climate 82 

characteristics, the climate of Wushan County is mild, with abundant rainfall. The annual average precipitation is 1,041 mm 83 

mild climate and mean annual temperature is 18.4 °C (Xia et al. 2018). 69 % precipitation mainly occurs in summer and 84 



 

autumn. 85 

 86 
Figure 1 Location and geological map of the study area. 87 

 88 
Affected by complex mountainous landforms, involving lithological folds, human engineering activities, and climatic and 89 

hydrological influences, geological disasters occur frequently. The Three Gorges reservoir area has become a serious landslide 90 

disaster area. (Li et al. 2019). The frequent landslides of Wushan County have greatly threatened the lives and properties of 91 

people. Since 1998, the disasters throughout the county have not diminished: more than 6,000 houses have been damaged and 92 

up to 20,000 people have been affected. There has been an economic loss of more than 100 million yuan(Liu et al. 2020). 93 

2.2 Landslide Inventory 94 

The preparation of a landslide inventory is a key for landslide susceptibility modeling. It can assess the relationship 95 

between landslide distribution and conditioning factors including landslides of names, geographic position, areas and other 96 

basic information. Firstly, the historical landslides come from Chongqing Municipal Geological Environment Agency. Since 97 

2007, the geological disaster management department of Chongqing formed a geological disaster garrison (about 500 members) 98 

permanently stationed in geological disaster-prone areas. Once the landslide emergency is found, they will be responsible for 99 

the evacuation of personnel and recording basic information on the landslide. In addition, they judge the landslide type, scale, 100 

sliding direction and other basic information by landslide geological survey, engineering geophysical exploration and brick 101 
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exploration. Ultimately, 1,001 landslides were identified for 2001-2016, including attribute information for landslides of names, 102 

geographic position, areas, volumes, and occurrence times. There are 963 small-medium (volume ≤100 × 104 m3) and soil 103 

landslides, while there are only 38 large (volume ＞100×104 m3) and rock landslides. Among the small-medium and soil 104 

landslides, there are 866 landslides whose movement typologies are slide, 92 movement typologies are flow, and 5 movement 105 

typologies are fall. Scholars have suggested that different types of landslides should be dealt with in different manners (Wang 106 

et al. 2019), but there are only limited data on large and rock landslides and those movement typologies are flow and fall. 107 

Therefore, this research will explore small-medium, soil, and slide landslides to establish the landslide inventory, with the 108 

locations of a total of 866 of them mapped in Fig.2. Additionally, the landslide inventory showed most of the landslides that 109 

occurred on both sides of the river. 110 

 111 
Figure 2 Distribution and on-site investigation of landslides in the study area. 112 

 113 
These landslides are typically small. Landslide area varies from 100 m2 to 96,800 m2. According to the formation 114 

mechanism of the landslide, it is found that the occurrence of a landslide is caused by the movement of a certain position rather 115 

than the entire landslide area. In the field survey, we mark the latitude and longitude of the geometric center of the landslide 116 

as the location of the landslide (Fig.2). Furthermore, this study uses two different symbols to distinguish landslide for training 117 

and testing in landslide inventory map randomly. Consequently, training datasets of landslide were used for modeling, which 118 

will make it predictive. The remaining landslides were used to test learning ability of the two models and evaluation processes. 119 

In order to obtain good fitting and prediction accuracy, distribution of the training landslide on conditioning factors and 120 

selecting a suitable method cannot be ignored(Abedini et al. 2018). Random selection is a common method, which can avoid 121 

Landslide Centre 



 

subjectivity and enhance the learning ability of the model. All datasets were randomly classified into training (70%) and testing 122 

(30%).  123 

 124 

2.3 Data 125 

Except the historical landslides, this paper also involves remote sensing data, topographic data, geological data, etc. These 126 

data sources, types and accuracy are shown in Table 1. Baidu Map Service (http://map.baidu.com) provides POI (point of 127 

interest) data in 2016. These data points include attractions, hospitals, universities etc to characterize the distribution and 128 

intensity of human infrastructure. 129 

 130 
Table 1 Data and data sources. 131 

Data Name Data Sources Type Scale 

Historical landslide Chongqing Geological monitoring station Dataset  

Elevation Aster satellite Grid 30 m 

Geological data National Geological Data Center Grid 1:200,000 

Land cover Chongqing Municipal Bureau of land and resources Vector 1:100,000 

Administrative division Chongqing Municipal Bureau of land and resources Vector 1:100,000 

River network Chongqing Water Resources Bureau Vector 1:100,000 

Annual rainfall Chongqing Meteorological Administration Dataset 90 m 

Road Chongqing Transportation Commission Vector 1:100,000 

Satellite image Geospatial Data Cloud platform Grid 30 m 

POI of Chongqing Web Crawler Dataset  

 132 

3    Methods 133 

The study aims to compare the two different machine learning methods (RF and ANN) for LSM in Wushan County. The 134 

assessment procedure of this study included four parts: (a) construction of the landslide and non-landslide spatial database; (b) 135 

data preparation of landslide conditioning factors and the training and test datasets in ArcGIS 10.4 software and construction; 136 

(c) generation of the LSM; and (d) evaluation and comparison of the two models (Fig.3). 137 

http://map.baidu.com/
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 138 
Figure 3 Flowchart of the study. 139 

3.1 Construction of the Spatial Database 140 

The selection of conditioning factors directly affects the accuracy of models and LSM.  Conditioning factors for landslide 141 

initiation could be classified into inherent and triggering factors. The former refers to the internal factors that play a controlling 142 

role in the occurrence of landslides, including mainly topography, geological conditions, and fault structure; the latter refers 143 

to the external factors that trigger the occurrence of landslides, such as environmental conditions and human activities. Based 144 

on the principles of field investigation, satellite images, the literature review and available data, there were 22 factors selected, 145 

including the topography factors: topographic wetness index (TWI), elevation, slope position, plan curvature, aspect, slope, 146 

degree of relief, curvature,  profile curvature,  micro-landform,  stream power index (SPI) (Basu and Pal 2017), terrain 147 

roughness index (TRI) (Althuwaynee et al. 2014), sediment transport index (STI) (Pourghasemi et al. 2012).  Geological 148 

conditions factors include: distance from faults, lithology, combination reclassification of stratum dip direction and slope 149 

aspect (CRDS) (Sun et al. 2020). Environmental conditions factors are: land cover, annual average rainfall, distance from 150 

hydrographic net, normalized vegetation index (NDVI). Human activities factors include POI kernel density and distance from 151 

roads. Particularly, point-of-interest (POI) represents the location  of shops, hospitals, schools etc. on maps; it can show 152 

information on economic society, which is closely linked to human activities (Bakillah et al. 2014). Usually, the higher the 153 

POI kernel density, the better would be the urban development in an area. It is noteworthy that previous studies have rarely 154 

considered the impact of human activities on landslides, but such activities play a non-negligible role in the occurrence of 155 



 

landslides (Reichenbach et al. 2018). Therefore, this research selects POI kernel density, a representative factor of the type of 156 

human activities, to represent one of the factors in human activities. The description of each factor is shown in Table 2. 157 

Table 2 Description of landslides conditioning factors. 158 

Influence Conditioning factor Description 

Topography 

Elevation (m) Elevation is the basic data for extracting terrain data, usually reflecting climate and 
vegetation patterns. 

Aspect 
 Aspect is defined as the direction of projection of slope normal on horizontal plane. 
It plays an important role in mountain ecology. The orientation of mountain has an 
effect on sunshine hours and solar radiation intensity. 

Slope (°) Slope refers to the degree of surface unit steepness, equal to the vertical height of the 
slope divided by horizontal distance. 

degree of relief (m) 

It is a macroscopic index that describes the topographic characteristics of a region 
and characterizes the potential energy of surface erosion and material movement. In 
a certain area, the degree of relief is equal to the maximum value of elevation minus 
the minimum value. Different degree of relief regions have different influence on the 
occurrence of landslides. 

Curvature 
Curvature can be seen as the slope of a slope. It stresses the materials on the slope 
and affects the movement of water on the slope surface. 

Plan Curvature 

It is the slope perpendicular to the direction of the maximum slope. A positive value 
indicates that the cell is part of the lateral concave slope. A negative value indicates 
that the slope is laterally convex. 

Profile Curvature 

The change rate of elevation along the maximum direction of slope becomes profile 
curvature, that is, the change rate of ground slope. A positive value indicates that the 
cell is part of a concave up slope. A negative value indicates that the slope is raised. 

Slope position 
The core work of slope position extraction is the division of landform parts and 
landform types. 

Micro-landform Relatively small-scale geomorphologic form and the smallest geomorphologic unit. 

TWI 
Based on DEM data, TWI comprehensively considers the influence of topography 
and soil on soil moisture distribution, and has important theoretical and application 
value in the study of spatial distribution of soil moisture in the basin. 

TRI TRI is the surface roughness index.  Based on DEM, it is an index to measure surface 
fluctuation and erosion degree. 

STI  STI is a sediment transport index, which is used to characterize the surface sediment 
transport and deposition. 

SPI 
The stream power index (SPI) is used to calculate the erosion value of surface water 
based on DEM data. The greater the value, the more obvious the erosion of surface 
water flow.  

Geological 
conditions 

Distance from 
faults(m) 

Setting a buffer zone to the fault, the closer to the main fault area, the looser the slope 
soil, more likely to cause landslides. 

Lithology 

There are abundant outcropped strata and many types of lithology in the study area.  
Due to the different degrees of weakness of various strata lithology, their shear 
strength is different, and the difficulty of landslide is different. 

CRDS 
CRDS refers to the relationship between the dip angle of rock and the aspect, and the 
direction of the sedimentary heap. 

Environmental 
Conditions 

Distance from 
hydrographic net 

(m) 

The study area water system to establish buffers to determine the different scope of 
influence.  Because the bank slope is cut and eroded by water flow, the slope closer 
to the river is more unstable, which leads to the occurrence of landslides. 

NDVI 
Vegetation growth is another key factor reflecting slope stability.  Therefore, the 
normalized difference vegetation index (NDVI) was used to detect the vegetation 
growth status, vegetation coverage and eliminate some radiation errors. 

Land cover Land cover refers to the surface complex covered by natural and artificial buildings, 
including vegetation, soil, lakes and various buildings, with different land stability. 

Annual average 
rainfall (mm) 

The data are derived from the average rainfall from 2000 to 2014 to reflect the long-
term rainfall and distribution characteristics in the study area. 

Human Activities 

Distance from 
roads (m) 

The construction of a large number of roads inevitably poses a threat to the stability 
of the slope and is easy to induce landslides. 

POI kernel density 

POI nuclear density covers almost all types of human engineering buildings. Similar 
to the construction of highways, these buildings will also loose the soil around the 
slope, thus affecting the slope stability. 

 159 
DEM from ASTER GDEM was used to extract the topography factors. Land cover and NDVI come from Landsat 8 OLI 160 

satellite images. We vectorized the 1: 200,000 geological maps to obtain lithologic and faults factors. Similarly, the hydro-161 
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graphic nets and roads factors were vectorized by Google Earth images. CRDS was extracted by subtraction and 162 

reclassification of aspects and tendencies. The multi-level buffer zones are established for faults, hydrographic nets and roads 163 

to generate distances from faults, hydrographic nets and roads. Rainfall data were derived from the local climate stations and 164 

using Kriging spatial interpolation method to generate annual average rainfall factor. Lastly, Baidu Map Service provides POI 165 

records and a total of about 12,688 records in the study area, including shops, hospitals, schools, etc. POI kernel density was 166 

generated by Kernel Density tool. 167 

In order to unify the spatial resolution of 22 landslide conditioning factors, all factors were converted to a raster grid (30 168 

× 30 m cells) that corresponds to the DEM resolution. According to relevant literature (Huang et al. 2017), a pixel of 30 × 30 169 

m can not only capture the spatial characteristics of a landslide in detail, but also reduce the workload and time. The acquisition 170 

path and classification of conditioning factor is directly related to their different natures. Therefore, according to references, 171 

field investigation and experts’ experience, the corresponding classification scheme for each continuous factor was established 172 

in Table 3. In short, the spatial thematic maps of landslide conditioning factors after reclassification were constructed with the 173 

grid unit of 30 m spatial resolution. (Fig.4). 174 

      175 

 (a)  (b) 
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 (c)  (d) 

 (e)  (f) 
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 (o)  (p) 

 (q)  (r) 



 

     184 

     185 
Figure 4 Thematic maps of landslide conditioning factors: (a) elevation; (b) slope; (c) degree of relief; (d) aspect; (e) slope 186 
position; (f) micro-landform; (g) curvature; (h) profile curvature; (i) plan curvature; (j) lithology; (k) distance from faults; (l) 187 
CRDS; (m) TRI; (n) TWI; (o) STI; (p) SPI; (q) NDVI; (r) distance from hydrographic net; (s) annual average rainfall; (t) land 188 

cover; (u) distance from roads; and (v) POI kernel density. 189 
Note: The landslide and non-landslides for testing are all displayed, while a part of landslide and non-landslides for training are 190 

selected randomly for display. 191 

 192 
To lower the data discreteness, the classification factors were normalized(Wen 2015). Therefore, the values of each factor 193 

in different dimensions are limited to the interval [ 0, 1]. The normalization formula is as follows: 194 𝑋∗ = (𝑋 − 𝑋min)/(𝑋max − 𝑋min)                                                             (1) 195 

Where, 𝑋∗  represents the normalized data; 𝑋  represents the data before normalization; 𝑋min  represents the minimum 196 

value of each factor; and 𝑋max represents the maximum value of each factor. 197 

 198 

 199 
 200 

 (s)  (t) 

 (u)  (v) 
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Table 3 Classification of landslide-conditioning factors. 201 
Conditioning Factor Classification Standard 

Elevation (m) 1. <311; 2. 311 ~ 496; 3. 496 ~ 667; 4. 667 ~ 831; 5. 831 ~ 993; 6. 993~1157; 7. 1157 ~ 1489; 8. 
1489 ~ 1676; 9. 1676 ~ 1886; 10. 1886 ~ 2130; 11. >2130 

Slope (°) 1. < 5; 2. 5 ~ 10; 3. 10 ~ 15; 4. 15 ~ 20; 5. 20 ~ 25; 6. 25 ~ 30; 7. 30 ~ 35; 8. 35 ~ 40; 9. >40 

Degree of relief (m) 1. <20; 2. 20~30; 3. 30 ~ 40; 4. 40 ~ 50; 5. 50 ~ 80; 6. 80 ~ 170; 7. >170 

Aspect 1. Flat; 2. North; 3. Northeast; 4. East; 5. Southeast; 6. South; 7. Southwest; 8. West; 9. Northwest 
Slope position 1. Ridge; 2. Upper slope; 3. Middle slope; 4. Flats slope; 5. Lower slope; 6. Valleys; 

Micro-landform 

1. Canyons, and deeply incised streams; 2. Mid-slope drainages, and shallow valleys; 3. Upland 
drainages, and headwaters; 4. U-shape valleys; 5. Plains; 6. Open slopes; 7. Upper slopes, and 
mesas; 8. Local ridges hills in valleys; 9. Mid-slope ridges, and small hills in plains; 10. Mountain 
tops, and high narrow ridges 

Curvature 1. <-1; 2. -1 ~ -0.5; 3. -0.5 ~ 0; 4. 0 ~ 0.5; 5. 0.5 ~ 1; 6. > 1 

Profile curvature 1. <-1; 2. -1 ~ -0.5; 3. -0.5 ~ 0; 4. 0 ~ 0.5; 5. 0.5 ~ 1; 6. > 1 

Plan curvature 1. <-1; 2. -1 ~ -0.5; 3. -0.5 ~ 0; 4. 0 ~ 0.5; 5. 0.5 ~ 1; 6. > 1 

Lithology 1. D, C; 2. E; 3. J; 4. O; 5. P; 6. Q4; 7. S; 8. T1; 9. T2; 10. T3; 11. Others 

Distance from faults (m) 1. < 500; 2. 50 ~ 1000; 3.1000 ~ 1500; 4. 1500 ~ 2000; 5. 2000 ~ 2500; 6. 2500 ~ 3000; 7. > 3000 

CRDS 
1. Dip-slope I; 2. Dip-slope II; 3. Outward slope; 4. Oblique slope; 5. Tangential slope; 6. Reverse 
slope; 7. Flat 

TRI 1. < 1.05; 2. 1.05 ~ 1.1; 3. 1.1 ~ 1.15; 4. 1.15 ~ 1.2; 5. > 1.2 

TWI 1. < 4; 2. 4 ~ 6; 3. 6 ~ 8; 4. 8 ~ 10; 5. >10 

STI 1. < 20; 2. 20 ~ 40; 3. 40 ~ 70; 4. 70 ~ 100; 5. 100 ~ 200; 6. > 200 

SPI 1. < 15; 2. 15 ~ 30; 3. 30 ~ 45; 4. 45 ~ 60; 5. 60 ~ 100; 6. 100 ~ 1000; 7. > 1000 

NDVI 1. <0; 2. 0 ~ 0.1; 3. 0.1 ~ 0.2; 4. 0.2 ~ 0.3; 5. 0.3 ~ 0.4; 6. >0.4 

Distance from hydrographic 
net (m) 1. < 100; 2. 100 ~ 200; 3. 200 ~ 300; 4. 300 ~ 500; 5. 500 ~ 600; 6. > 600 

Annual average rainfall 
(mm) 

1. <1157; 2. 1157 ~ 1202; 3. 1202 ~ 1244; 4. 1244 ~ 1286; 5. 1286 ~ 1329; 6. 1329 ~ 1376; 
7. >1376 

Land cover 1. Meadow; 2. Farmland; 3. Water area; 4. Forest; 5. Orchard; 6. Transportation land; 7. Urban 
land; 8. Others 

Distance from roads (m) 1. <100; 2. 100 ~ 200; 3. 200 ~ 300; 4. 300 ~ 500; 5. 500 ~ 600; 6. >600 

POI kernel density 1. 0 ~ 0.5; 2. 0.5 ~ 1; 3. 1 ~ 2; 4. 2 ~ 3; 5. 3 ~ 10; 6. >10 

3.2 Preparation of the Training and Testing Datasets 202 

In our study, landslide and non-landslide formed all datasets. 866 historical landslides consisted of positive cells and non-203 

landslide served as negative cells. Additional non-landslide cells could expand the data size for machine learning, but it will 204 

cause a sample imbalance problem, thereby biasing the classifier towards the non-landslide data and negatively affecting its 205 

performance (Wang et al. 2020). After many attempts at the ratios of positive and negative cells, a balanced (1:1) positive and 206 

negative dataset has been proposed, and 866 non-landslides were randomly extracted from the non-landslide area. Then, all 207 

datasets were randomly divided into 70 % (the training dataset) and 30 % (the testing dataset). Specially, RF and ANN models 208 

do not need to consider the problem of multivariate collinearity in general regression analysis and the predictive ability of the 209 

two models is not affected by multicollinearity. 210 

3.3 Landslide Susceptibility Models 211 

3.3.1 Artificial neural network 212 

Artificial Neural Network (ANN) (Pavel et al. 2011; Chakraborty and Goswami 2017) is a mathematical model used for 213 

distributed parallel information processing with capability to abstracts human brain neurons from the perspective of 214 



 

information processing, acquire, present, and calculate mapping from data multivariate space to another. ANN is an operation 215 

model composed of a large number of interconnected nodes. Each node represents a neuron. The conversion function in the 216 

neuron is called activation function (Melchiorre et al. 2008). Without the limitations of statistical techniques of 217 

oversimplification, prohibitive data requirements and ineffective input data acquisition, ANN has a remarkable ability for 218 

handling imperfect or incomplete data and the nonlinear and complex problems. 219 

The most prominently employed neural network method is the Back Propagation (BP) algorithm. BP neural network is a 220 

multi-layer artificial neural network, which consists of information forward propagation and error back propagation (Arora et 221 

al. 2003). The output result can be expressed by Eq. (2): 222 

𝑦𝑛 = ∑ 𝑊𝑘𝑗𝑓(∑ 𝑊𝑖𝑗𝑁1𝑖=1 𝑥𝑖 + 𝑏𝑘)𝑁2𝑗=1                                                                   (2) 223 

where, 𝑦𝑛 is the nth output, 𝑊𝑘𝑗 is weight from the k neuron in the hidden layer to the j neuron in the output layer. 𝑓(. ) 224 

is the transfer function of the hidden layer neuron. 𝑏𝑘is the bias value of the k neuron in the hidden layer. 𝑁1is the number of 225 

neurons in the input layer, 𝑁2 is the number of neurons in hidden layer. As long as the number of hidden layer neurons is 226 

sufficient, the BP network with a hidden layer can approximate any complex nonlinear function with arbitrary accuracy.  227 

As shown in Fig.5, the BP neural network model comprises three layers, namely, input layer (i.e., landslide conditioning 228 

factors), hidden layers and output layer (i.e., landslide susceptibility). There are many neurons in the model which are 229 

connected in layers. ANN model is trained in R studio software. 230 

 231 
Figure 5 BP neural network model structure 232 

3.3.2 Random Forest 233 

First proposed by Breiman, Random Forest (RF) is an ensemble method of separately trained binary decision trees. 234 

Multiple decision trees are established through different data subsets, and their judgment results are voted to obtain the output 235 

results of the RF. Numerous researches indicate that the random forest has a relatively high tolerance to outliers and noises, 236 

and it is not easy to produce over-fitting (Sahin et al. 2018). 237 

Combining N unrelated decision tree models [ℎ(𝑋, 𝜃𝑘); 𝑘 =  1, … … ] through classification model is the core of RF. In 238 
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the model, each decision tree judges and predicts the classification of the sample (via classification algorithm). In order to 239 

improve the performance of random forest models, an irrelevant training set is established to provide differences between 240 

models. Through sample training, different classification models ℎ1(𝑋) … … ℎ𝑘(𝑋) are obtained, and then the random forest 241 

models are combined by using these classifications. Then to vote: 242 𝐻(𝑥) = 𝑎𝑟𝑔𝑧𝑚𝑎𝑥𝛴𝑖=1𝑘 𝐼(ℎ𝑖(𝑥) = 𝑍)                                                          (3) 243 

Where, H(x) denotes a random forest model, h𝑖 is a single decision tree model, Z denotes an output variable, and I(.) is an 244 

explicit function. 245 

RF model is trained in R studio software. Fig. 6 shows the steps of the RF algorithm. 246 

 247 
Figure 6 The schematic diagram of the random forest (RF) algorithm. 248 

 249 

3.4 Performance and Validation of Two Models 250 

Validation of the model is a key step to test whether the results are scientific and reasonable. Therefore, it is necessary to 251 

use different indicators and methods. In particular, the confusion matrix, receiver operating characteristic curve (ROC) and 252 

area under ROC curve (AUC) are used to evaluate the accuracy commonly, as study on landslide susceptibility is prone to be 253 

a typical binary classification problem (0,1) (Kalantar et al. 2017). Secondly, based on the confusion matrix, statistical 254 

measures such as accuracy, precision, recall, and F-measure were also used to evaluate the predictive capabilities of the models, 255 

and these measures were calculated by the following formulas: 256 

𝐴𝑈𝐶 = (∑𝑇𝑃 + ∑𝑇𝑁)(𝑃 + 𝑁)  (4) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇𝑃𝑇𝑃 + 𝐹𝑁 (5) 



 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 𝑇𝑁𝑇𝑁 + 𝐹𝑃 (6) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃+𝑇𝑁𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁  (7) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 (8) 

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃𝑇𝑃 + 𝐹𝑁 (9) 

F-measure = 2 × 𝑇𝑃2×𝑇𝑃+𝐹𝑃+𝐹𝑁 (10) 

Where, 𝑃 is the sum of landslides, 𝑁 is the sum of non-landslides, 𝑇𝑃 (True Positive) and 𝑇𝑁 (True Negative) are the 257 

numbers of correctly classified cells, and 𝐹𝑃 (False Positive) and 𝐹𝑁 (False Negative) are the numbers of incorrectly classified 258 

cells. AUC between 1.0 and 0.5, in the case of AUC > 0.5, the AUC is closer to 1, indicating that the model prediction effect 259 

is better. For accuracy, precision, recall, and F-measure metrics between 0 and 1, 0 and 1 represent ideal and invalid models, 260 

respectively, and a higher value represents a better model. 261 

4    Results and Analyses 262 

4.1 LSM Acquired by Artificial Neural Network (ANN) Model 263 

In order to reduce the variability and avoid over-fitting, the 10-fold cross-validation method was used to select the training 264 

and testing dataset. Through multiple experiments using a lot of datasets and different techniques, it is shown that 10-fold 265 

cross-validation is a suitable choice for obtaining the best precision sample. In the 10-fold cross-validation method, all datasets 266 

(866 positive cells and 866 negative cells) were divided into ten individual subsets randomly and averagely. When one subset 267 

was tested, other subsets were used for model training over 10 rounds. The results of the 10-fold cross-validation of the ANN 268 

model are shown in Table 4. Averagely, the accuracy of the test dataset was 0.888, and the highest accuracy (0.948) is Subset 269 

3. Therefore, Subset 3 was used to construct the ANN model. After it was constructed, we applied the established model to the 270 

entire study area to obtain landslide susceptibility value. As a result, in order to facilitate the comparison of the evaluation 271 

results of the different models, the LSM is divided into five classes (highest 10 %, second 10 %, third 10 %, fourth 20 % and 272 

remaining 50 %) by two method of specified area ratio (Pradhan and Lee 2010), corresponding to very high, high, moderate, 273 

low and very low susceptibility regions, respectively. The LSM of Wushan County was generated by using the ANN model in 274 

Fig. 7a. It shows that low class of landslide susceptibility in most regions of Wushan County is mainly concentrated in the east 275 

and southwest. The high susceptibility regions were mainly concentrated in Yangtze River and its tributaries, which matched 276 

well with the distribution of actual historical landslides. 277 
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 278 
Table 4 The accuracy of 10-fold cross-validation. 279 

Subset 
(ANN) 

Accuracy Subset 
(RF) 

Accuracy 

Training dataset Test dataset Training dataset Test dataset 
1 0.967 0.884 1 1.000 1.000 

2 0.949 0.920 2 1.000 0.995 

3 0.945 0.948 3 1.000 0.994 

4 0.972 0.855 4 1.000 1.000 

5 0.951 0.914 5 1.000 0.990 

6 0.970 0.839 6 1.000 0.995 

7 0.990 0.902 7 1.000 0.990 

8 0.941 0.827 8 1.000 1.000 

9 0.972 0.919 9 1.000 1.000 

10 0.942 0.873 10 1.000 1.000 

 280 

 281 
Figure 7 Landslide susceptibility mappings: (a) ANN model; (b) RF model. 282 

 283 

 284 
Moreover, in order to quantitatively evaluate the effectiveness of the two models, the percentage of each susceptibility 285 

classification, the number of landslides, the proportion and density of each class’s region were statistically analyzed (Table 5). 286 

The results of the ANN model indicated 47 % of the landslides was located in 20 % of the high and very high susceptibility 287 

regions, but only 26 % of the landslides was located in 50 % of very low susceptibility region. The evaluation shows that the 288 

landslide density increased by approximately 5 times (from 0.145 to 0.700) when the susceptibility class varied from very low 289 

to very high.  This which indicates that landslides are concentrated in high and very high susceptibility regions. 290 

 291 
Table 5 Statistics of the susceptibility classes. 292 

 Class: very low: Low: Moderate: High: very high: 
 Coverage (%) 50 % 20 % 10 % 10 % 10 % 

ANN 

Landslide (number) 223 124 113 173 233 

Landslide (%) 26 % 14 % 13 % 20 % 27 % 

Landslide density (Pcs/km2) 0.145 0.234 0.461 0.605 0.700 

RF 

Landslide (number) 51 98 86 175 456 

Landslide (%) 6 % 11 % 10 % 20 % 53 % 

Landslide density (Pcs/km2) 0.035 0.167 0.293 0.596 1.552 

 293 

 294 

 (a)  (b) 



 

4.2 LSM Acquired by Random Forest (RF) Model 295 

The 10-fold cross-validation of the RF model is also shown in Table 4. Averagely, accuracy of the test dataset of the RF 296 

model was 0.996, and the highest accuracy is 1.000 in Subset 1. Therefore, we used Subset 1 dataset to construct the RF model. 297 

Fig. 7b shows the LSM produced by the RF model for Wushan County, which was covered with landslides. The LSM fits well 298 

with the distribution of historical landslides. 299 

Furthermore, all statistical data acquired in statistical analysis are listed in Table 5. As shown in Table 5, most areas of 300 

Wushan County were located in low susceptibility class regions; more than 73 % of landslides points were located in 20 % of 301 

high and very high susceptibility regions; only 6 % of landslides was located in 50 % of low and very low susceptibility regions. 302 

The landslide density from 0.035 to 1.552 increased by about 44 times when the susceptibility class varied from very low to 303 

very high. 304 

4.3 Validation and Comparison 305 

To further compare the performance of the two models, the results of confusion matrix, the ROC plots and AUC values 306 

of the two models are shown in Table 6 and Fig.8, respectively. Furthermore, we used the precision, AUC, accuracy, recall rate 307 

and F-measure to evaluate the models. The AUC of the training data represents the success rate, and the AUC of the test data 308 

represents the predictive ability of the model. (Tsangaratos et al. 2016).  Figs. 8a and 8b show that The AUC values of ANN 309 

and RF model training data were 0.990 and 1.00, respectively, and the AUC values of test data were 0.966 and 1.00, respectively. 310 

Besides, in Table 6, we can calculate precision, overall accuracy, recall rate, and F-measure of the ANN and RF models simply. 311 

For all the datasets, the precision, overall accuracy, recall rate, and F-measure of ANN model were 0.950, 0.953, 0.957, and 312 

0.953, respectively, while the counterparts of RF model were all 1.00. All indicators show that although the two models show 313 

reasonable goodness of fit, RF model shows better performance both in training and test data sets.  In this case, RF model has 314 

better prediction results than ANN model. 315 

 316 
Figure 8 ROC curve of the ANN and RF models: (a) ANN model; (b) RF model. 317 

 318 
We also compared the two models from the results of LSMs. On the one hand, for the generated LSMs (Fig. 7), in order 319 

to display the difference between the two LSMs more intuitively, two regions are selected for comparison. As shown in the 320 

region 1, compared with the LSM generated by the ANN model, the accuracy of landslide falling into high and very high 321 

 (a)  (b) 
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susceptibility region is higher in LSM of RF model. For the region 2, although the LSMs generated by both models almost 322 

include most of the landslides, the high-very high susceptibility regions of LSM generated by RF occupy less area. On the 323 

other hand, in LSMs, 26 % of landslides are located in very low susceptibility region by ANN, while only 6 % are located in 324 

the same very low susceptibility region by RF; 27 % of landslides are located in very high susceptibility region by ANN, while 325 

53 % are located in the same region by RF. In general, in the same area, landslides are more distributed in the high and very 326 

high susceptibility region in RF, while in the LSM generated by ANN, the distribution law of landslides is not obvious. This 327 

shows that the RF model is better than the ANN model in the landslide susceptibility of the whole area.  328 

 329 
Table 6 Confusion matrix of the ANN and RF models. 330 

Model   
Actual value 

Non-landslide (0) Landslide (1) 

ANN Predicted value 
Non-landslide (0) 822 37 

Landslide (1) 44 829 

RF 

  Non-landslide (0) Landslide (1) 

Predicted value 
Non-landslide (0) 866 0 

Landslide (1) 0 866 

 331 

5    Discussion 332 

5.1 Mapping Units 333 

Selection of a mapping unit is a basic step of any landslide susceptibility model that affects significantly the susceptibility 334 

terrain zonation. Grid cell is very popular among landslide susceptibility researchers, because it is easy to process, at all 335 

resolutions and geographical scales. However, grid cell has clear drawbacks for susceptibility modelling. Firstly, there is no 336 

physical relationship between a grid cell or a group of grid cells, and landslides. Landslides are the result of slope processes 337 

that act on different spatial and temporal scales. These slope processes result in geomorphological forms of very different 338 

shapes and sizes, which is difficult to capture by grid cells accurately. Secondly, Reichenbach (Reichenbach et al. 2018) 339 

demonstrated that the majority of the models for LSM that adopt grid cell as the mapping unit use the cell of the same resolution 340 

of the DEM. Using of the same resolution as DEM for the landslide has clear practical advantages, but it may introduce biases 341 

or lead to potentially misleading results. Another unit type that is used commonly is the slope unit, which is hydro-logical 342 

terrain unit bounded by drainage and divide lines. The size of the slope unit can be customized according to the type and size 343 

of the landslide, allowing the use of a geo environmental information that is best suited for the specific type of landslide. 344 

Despite its conceptual and operational advantage over grid cells, only a few authors have used slope unit for landslide 345 

susceptibility. The reason is that slope unit is difficult to obtain manually, particularly for large areas. In future, we will continue 346 

to try and compare the grid and slope units to improve our scientific research. 347 

5.2 Importance of Conditioning Factors 348 



 

Although the occurrence of landslide is caused by multiple factors, the influence of each factor is not the same. Therefore, 349 

quantitative analysis of the importance of each factor helps to identify the dominant factors, so as to carry out targeted landslide 350 

research and prevention.  351 

 352 
Figure 9 Constructing importance of factors based on mean decrease Gini. 353 

 354 
The mean decrease Gini of RF model can rank the conditioning factors and has high reference value (Tsangaratos et al. 355 

2016). Fig. 9 shows 22 conditioning factors ordered by the mean decrease Gini, and the first three important conditioning 356 

factors were elevation, followed by annual average rainfall and POI kernel density, with a mean decrease accuracy of 72.38, 357 

47.95, and 45.63, respectively. Therefore, we generated a landslide density map of these three factors (Fig. 10). 358 

 359 
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 361 
Figure 10 Landslide density charts: (a) elevation; (b) annual average rainfall; (c) POI kernel density. 362 

 363 
Firstly, interpreting the spatial variability of different geomorphological phenomena (such as the vegetation distribution), 364 

the elevation has a critical effect on terrain attributes (Fig.10a). Landslide density is negatively correlated with elevation. As a 365 

typical mountainous area with complex terrain, low-elevation areas in Wushan County are often with looser soil bed and more 366 

human engineering activities. Therefore, the most intensive elevation range of landslide distribution was the low-elevation 367 

range with frequent human activities and low vegetation coverage.  368 

Secondly, Fig. 10b shows that the landslide density was negatively correlated with the annual average rainfall. Annual 369 

average rainfall is long-term observation data, including rainfall in the early years and rainfall on the day of landslide.  370 

Especially in the rainy season, the erosion of rainfall on the slope makes unstable rock and soil to be taken away by surface 371 

runoff formed by rainfall. Annual average rainfall not only erodes the slope, but also affects the development of vegetation on 372 

the slope, thereby affecting the occurrence of landslides. 373 

Previous studies rarely consider the impact of human activities on landslides, but the impact of such activities on 374 

landslides cannot be ignored; all excavation and backfill sections have varying degrees of deformation and damage (Bourenane 375 

et al. 2016). As the value of POI kernel density increases, the frequency of landslides increases (Fig.10c), indicating frequent 376 

human activities affect the occurrence of landslides to a certain extent. This factor has rarely been taken into account by 377 

previous studies. POI is a new factor that represents the impact of human activities on landslides. 378 

5.3 Comparison of the Two Models 379 

The confusion matrix and ROC curve are shown in Table 6 and Fig. 8, respectively. The AUC values of the ANN and RF 380 

models’ test dataset were 0.966 and 1.000, respectively, and other indexes of ANN model were lower than the counterparts of 381 

RF model. This shows the interpretation and generalization ability of the RF model is higher than ANN model. As for the data 382 

that builds the model, only dozens or hundreds of sample data may not prove the full power of machine learning, especially 383 

the RF model. For example, Hong (Hong et al. 2016) only used 163 positive cells to build the model, which may lead to 384 

inaccurate conclusions. Sun (Sun et al. 2020) used a large number of dataset (1,520 positive cells and 15,200 negative cells) 385 

to build the models and compared the LR and RF models in Fengjie County (China), whose terrain and geological conditions 386 

are almost the same as our study area. The result is that the performance of RF is better than LR model. 387 
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Comprehension of the strength and weakness of each method is made possible by provided for selecting the most accurate 388 

model in any case. On the one hand, the main difference is that RF is the set of decision trees, and the decision trees in the set 389 

are independent. Each decision tree can independently predict landslide susceptibility. ANN is a network model composed of 390 

neurons that are connected. These neurons are grouped by layers and process the data of each layer, and then are passed to the 391 

next layer. The prediction results are only determined by the last layer of neurons. Therefore, RF may have better prediction 392 

performance than ANN. On the other hand, RF has less pretreatment and simpler training process, which makes forecasting 393 

easier. Therefore, RF has better application in this study. In addition, RF not only has achieved good results in the LSM, but 394 

also has been widely used in researches works of medicine, city, agriculture etc. 395 

6    Conclusion 396 

LSM shows the spatial location of landslide in an intuitive way, which is an important tool for preventing and evaluating 397 

landslides. In general, LSMs of ANN and RF models were generated based on landslides in Wushan County. The conclusions 398 

are as follows: 399 

(1) When the two models were compared, the AUC values of the test data of ANN and RF models were 0.966 and 1.00, 400 

respectively. When the LSM is made by the ANN model, 47 % landslides are located in 20 % of high and very high 401 

susceptibility regions, but only 26 % landslides are located in 50 % of very low susceptibility regions. On the other hand, when 402 

the LSM is made by the RF model, more than 73 % of landslides are located in 20 % of high and very high susceptibility 403 

regions, but 6% landslides in 50 % of low and very low susceptibility regions. Therefore, we conclude that both models show 404 

excellent performances, but we have to admit the RF model has better stability and robustness in this study.  405 

(2) In this study region, based on the importance ranking of factors obtained by the mean decrease Gini, the results 406 

quantify and highlight the dominant factors, in line with the basic laws of geology. The conditioning factors of elevation, 407 

annual average rainfall play an important role in landslide occurrence. It is worth mentioning that although POI kernel density 408 

is a new landslide influencing factor, its importance ranking ranks third, confirming its existence value.  409 

(3) Comparison of the strength and weakness of all the methods indicates that the ANN and RF models are completely 410 

comparable in terms of predictive capabilities. Whether modeling set or prediction set, RF model has better prediction accuracy 411 

and stronger generalization ability. In general, the ANN and RF models can be applied to other areas with similar topography, 412 

as well as small and medium-sized soil landslides. 413 
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