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ABSTRACT: Numerous researches have been published on the application of landslide susceptibility as-
sessment models; however, they were only applied in the same areas as the models were originated, the ef-
fect of applying the models to other areas than the origin of the models has not been explored. This study 
is purposed to develop an optimized random forest (RF) model with best ratios of positive-to-negative cells 
and 10-fold cross-validation for landslide susceptibility mapping (LSM), and then explore its generaliza-
tion ability not only in the area where the model is originated but also in area other than the origin of the 
model. Two typical counties (Fengjie County and Wushan County) in the Three Gorges Reservoir area, 
China, which have the same terrain and geological conditions, were selected as an example. To begin with, 
landslide inventory was prepared based on field investigations, satellite images, and historical records, and 
1 522 landslides were then identified in Fengjie County. 22 landslide-conditioning factors under the influ-
ence of topography, geology, environmental conditions, and human activities were prepared. Then, com-
bined with 10-fold cross-validation, three typical ratios of positive-to-negative cells, i.e., 1 : 1, 1 : 5, and 1 : 
10, were adopted for comparative analyses. An optimized RF model (Fengjie-based model) with the best 
ratios of positive-to-negative cells and 10-fold cross-validation was constructed. Finally, the Fengjie-based 
model was applied to Fengjie County and Wushan County, and the confusion matrix and area under the 
receiver operating characteristic (ROC) curve value (AUC) were used to estimate the accuracy. The  
Fengjie-based model delivered high stability and predictive capability in Fengjie County, indicating a 
great generalization ability of the model to the area where the model is originated. The LSM in Wushan 
County generated by the Fengjie-based model had a reasonable reference value, indicating the Fengjie- 
based model had a great generalization ability in area other than the origin of the model. The Fengjie- 
based model in this study could be applied in other similar areas/countries with the same terrain and geo-
logical conditions, and a LSM may be generated without collecting landslide information for modeling, so 
as to reduce workload and improve efficiency in practice. 
KEY WORDS: landslide susceptibility mapping, generalization ability, random forest, Three Gorges 
Reservoir area, 10-fold cross-validation. 
 

0  INTRODUCTION 
Landslides are destructive natural disasters affecting human 

life, property, and economic development (Wang et al., 2020). 
According to the Emergency Events Database (EM-DAT), be-
tween 2014 and 2018, landslides resulted in 4 914 deaths, with 
27 110 people losing their homes and 2.1 billion dollars of assets  
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destroyed. Therefore, efficient solutions must be developed to 
reduce and mitigate landslide-related destruction. As a method 
generated based on local geological environmental factors by 
assessing the spatial distribution of landslide probabilities in a 
given area, Landslide Susceptibility Mapping (LSM) is regarded 
as one of the common counter measures for mitigating the effects 
of landslides (Silalahi et al., 2019; Hong et al., 2016a). 

With the rapid development of data mining technology, 
many researchers have begun to utilize machine learning meth-
ods for LSM (Zhu et al., 2018), and the most popular data mining 
methods include artificial neural network (Tian et al., 2018; Can 
et al., 2017), Bayesʼ net (Chen et al., 2018a, b), support vector 
machine (Dou et al., 2019a; Pham et al., 2018), decision tree 
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(Dou et al., 2019b; Pandey et al., 2018), and random forest (Sun 
et al., 2020; Chen et al., 2018c). Among these methods, random 
forest (RF) is a non-linear algorithm, which could deal with large 
datasets and account for complex interactions, and non-linearity 
between variables, and has been used widely in recent years 
(Taalab et al., 2018). A few studies have been made on the appli-
cation of RF. For example, Sun et al. applied RF model in Feng-
jie County (China) and achieved the area under the receiver op-
erating characteristic (ROC) curve value (AUC) in test dataset of 
0.87, indicating that RF model has great prediction abilities in 
mountain areas (Sun et al., 2020).  

However, although the RF model has been successfully 
applied in researches worldwide, it is only applied in the same 
area as its model is located, the effect of applying the model to 
other areas has not been explored. The generalization ability is 
a measure of how accurately a model can predict outcome val-
ues for previously unseen data, which is the most immediate 
representation of the modelʼs prediction ability (Jin et al., 2019; 
Liu et al., 2019). When applied to landslide research, it could 
be described by the following 3 methods. The first and most 
intuitive method is to check the accuracy of the modelʼs test 
dataset. The higher the test datasetʼs accuracy, the better the 
modelʼs generalization ability. The second method is to apply 
the model to the entire study area where the model originated, 
and to simulate the probability of landslides in such study areas 
that are not involved in the model training, so as to generate the 
LSM of the entire study area where the model is originated. If 
the generated LSM is consistent with the distribution pattern of 
the actual landslides, the model will be regarded as having 
good generalization ability; otherwise, the model will have 
poor generalization ability. Last but not least, what was always 
overlooked in previous studies is that the generalization ability 
of a model shall not be limited to the research area that is used 
to construct the model, but shall be tested in other research 
areas than the origin of the model. In this way, a LSM may be 
generated for an area without collecting landslide information 
for modeling. If the LSM generated in this way is consistent 
with the LSM generated by the model with this areaʼs own 
landslides data, it indicates that the model has good generaliza-
tion ability in the study area. Further, if the model has good 
generalization ability both for the area where the model is 
originated and for other similar areas, it indicates that the ter-
rain and geological conditions and the landslide-conditioning 
factors are identical, and the model could continue to be ap-
plied to other similar areas. Lee demonstrates that mountainous 
areas and areas with more impacting events (e.g., heavy rainfall 
and earthquakes) are more likely to experience landslides (Lee, 
2019). Accordingly, it is desirable to construct a model that can 
offer both outstanding predictive and generalization abilities for 
the same terrain and geological conditions, so that efficient 
performance and reduced workload can be expected in practice. 

For any LSM model (such as a RF model), its generaliza-
tion ability is affected by many factors. Many pre-processing 
results before constructing a model will have certain impacts on 
its accuracy, e.g., the ratios of positive (landslide) to negative 
(non-landslide) cells, the division of the training dataset and the 
test dataset, and so on (Reichenbach et al., 2018). As for the 
ratios of positive-to-negative cells, an adequate number of 

sample data is extremely important in machine learning to en-
sure the success and prediction capability of the model. Be-
cause the information on positive cells is limited, the way to get 
an adequate number of sample data is to increase the number of 
negative cells. The use of additional negative cells could ex-
pand the data size for machine learning; however, it will cause 
a sample imbalance problem, thereby biasing the classifier 
towards the negative cells and negatively affecting its per-
formance (Hussin et al., 2016; Heckmann et al., 2014). Previ-
ous researchers have found no ideal fixed ratio existing be-
tween landslide and non-landslide cells (Hussin et al., 2016). 
As for the division of the training dataset and the test dataset, a 
ratio of 7 : 3 was used in the previous studies, that is, randomly 
selecting 70% of the data as the training dataset and remaining 
30% as the test dataset (Wang et al., 2020; Dou et al., 2019a). 
This division method often has certain variability and is not 
suitable for small size of samples. As a common method to 
reuse samples and test the algorithm accuracy, K-fold 
cross-validation could reduce the variability and is applicable 
well in the case of small samples (Jiang and Chen, 2016). Mul-
tiple experiments with a large number of datasets and different 
learning techniques have demonstrated that compared with 
other cross-validation methods, the 10-fold cross-validation is a 
suitable choice for obtaining the best error estimate (Han and 
Kamber, 2006). However, this method has rarely been used in 
the existing LSM researches for the division between the train-
ing and test datasets. 

Located in southwestern China, with widespread mountain 
areas, complex geological environments, and hydro-climatic 
conditions, the Three Gorges Reservoir area becomes one of the 
most landslide-prone regions in China. As shown in the previous 
study (Sun et al., 2020), the application of the RF in one typical 
county in the Three Gorges Reservoir area—Fengjie County is 
ideal, so Fengjie County is also selected as the study area in this 
study. The authors aim to: (1) develop an optimized RF model 
(Fengjie-based model) based on Fengjie landslides with best 
ratios of positive-to-negative cells and 10-fold cross-validation; 
(2) evaluate its generalization ability in Fengjie County where the 
model is originated; (3) apply this Fengjie-based model in an-
other county, Wushan County, in the Three Gorges Reservoir area, 
to evaluate generalization ability in the other area than the origin 
of the model; and (4) explore the reasons for the great generaliza-
tion ability, and construct a model which cannot only deliver on 
good accuracy and generalization ability but is also more condu-
cive to wide application. 
 
1  MATERIALS 
1.1  Description of the Study Areas 

The study areas, Fengjie County and Wushan County, are 
situated in the east of Chongqing, southwestern China, covering 
an area of almost 7 045 km2 between 109°01′E–109°46′E and 
30°29′N–31°28′N (Fig. 1). Both counties are located in the east 
of the Sichuan Basin, in some mountainous landforms as well as 
at the junction of the Dabashan arc fold fault zone and the eastern 
Sichuan fold belt. As for Fengjie County, the elevation of the 
highest point is 2 125 m a.s.l., the lowest elevation is 87 m a.s.l., 
and the elevation decreases from the south to the north. As for 
Wushan County, the elevation of the highest point is 2 688 m 



Deliang Sun, Jiahui Xu, Haijia Wen and Yue Wang 

 

1070 

a.s.l., the lowest elevation is 63 m a.s.l., and the elevation de-
creases from the west to the east. Although the distribution of 
strata in these two counties is different in each territory, the main 
types of strata are the same (Fig. 1), that is: Triassic (T), Jurassic 
(J), Permian (P), Devonian (D), Silurian (S), Quaternary (Q), and 
Carboniferous (C) (Sun et al., 2020). The Triassic (T) strata are 
mainly composed of sandstone, limestone, and shale; the Jurassic 
(J) strata are composed of quartz sandstone, clay rock, and shale; 
the Permian (P) strata are composed of limestone, shale and a 
small amount of sandstone; the Devonian (D) strata are com-
posed of quartz sandstone, limestone, and dolomite; the Silurian 
(S) strata are composed of shale and quartz sandstone; the Qua-
ternary (Q) strata are mainly composed of sediments such as 
alluvial deposits and slope deposits, including clay and gravel; 
the Carboniferous (C) strata are composed of limestone, dolomite, 
and quartz sandstone (Wu et al., 2020; Chen et al., 2018c; 
Tsangaratos et al., 2016; Fourniadis et al., 2007). The faults are 

not distributed in the whole area, but only in some areas of the 
whole area (Fig. 1). 

The two areas have the humid subtropical monsoon climate, 
with hot and rainy summers and relatively warm and rainless 
winter, showing four distinct seasons. According to statistics 
from China Weather Website (http://www.weather.com.cn/), the 
Fengjie area has an annual rainfall of approximately 1 132 mm 
and the Wushan area has an annual rainfall of approximately    
1 049 mm. The monthly average rainfall distribution in Fengjie 
and Wushan counties is almost the same, mainly occurring from 
May to September (Fig. 2). The average annual temperature of 
Fengjie is 8 °C (January) to 28 °C (July and August) with an 
average annual temperature of approximately 16.5 °C, while the 
average annual temperature of Wushan is 7 °C (January) to 28 °C 
(July and August) with an average annual temperature of ap-
proximately 18 °C. The monthly average temperature distribution 
in Fengjie and Wushan counties is also the same (Fig. 2). 

 

 

Figure 1. Location and geological map of the study areas. 

 

 

Figure 2. Monthly average rainfall and temperature distributions in the study areas (2009–2018). 
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1.2  Landslide Inventory 
Landslide inventory is used to record the location, the occur-

rence, and other messages about landslides (if known) in the study 
area (Tian et al., 2019; Shirzadi et al., 2017; Zêzere et al., 2017). 
As an essential basis for assessing the landslide susceptibility, 
based on field investigations, satellite images, and historical re-
cords, preparation of landslide inventory identified and mapped a 
total of 1 522 landslides (2001–2016) in Fengjie County (Fig. 3). 
Meanwhile, the preparation of the landslide inventory also identi-
fied and mapped 952 landslides (2001–2016) in Wushan County 
to explore and verify the generalization ability of the model (Fig. 
4). These landslides are typically small and medium: the smallest 
ones have an area of 115 m2, largest ones of 106 743 m2, averaged 
at 60 326 m2 in Fengjie County (Fig. 3); the smallest ones have an 
area of 100 m2, largest ones of 96 800 m2, averaged at 56 495 m2 
in Wushan County (Fig. 4). These landslides were classified by 
two factors, type and trigger. In terms of type, most of the land-
slides were shallow/soil ones (82%) and only 18% were 
deep/bedrock landslides in Fengjie County; most of the landslides 
were shallow/soil ones (89%) and only 11% were deep/bedrock 
landslides in Wushan County (Fig. 5a). In terms of trigger, most of 
its landslides were caused by rainfall (75.88%), 10.05% by 
groundwater (pore water), 2.01% by human construction activities 
and 12.06% by others in Fengjie County; most of its landslides 
were caused by rainfall (82.33%), 6.72% by groundwater, 3.24% 
by human construction activities and 7.71% by others in Wushan 
County (Fig. 5b). Distributed together with slope soils, residuals 
and shale, or mudstones without active faults, most of these land-
slides are developed in low mountain-landforms with a 20–40 
slope degree of poor stability. Jurassic (J), Triassic (T), and Per-
mian (P) strata are the main bedrock of these landslides.  

2  METHODS 
The assessment procedure included four phases: (a) selec-

tion of landslide-conditioning factors; (b) construction and com-
parison of the RF models based on different ratios of positive- 
to-negative cells; (c) application of the optimized model with 
best ratios and 10-fold cross-validation to Fengjie County and 
Wushan County; and (d) evaluation the generalization ability of 
the optimized model (Fig. 6). 

 
2.1  Landslide-Conditioning Factors 

In the LSM research, a crucial step is to select landslide-  
conditioning factors to be included in the universal model as input 
variables. According to Ayalew and Yamagishi (2005), the se-
lected conditioning factors for GIS-based LSM should be meas-
urable, operational, non-uniform, complete, and non-redundant. 
Based on the field investigation, the literatures and the data avail-
able in the study area, 22 landslide-conditioning factors were 
identified, including topography elements (elevation, degree of 
relief, aspect, slope, curvature, plan curvature, profile curvature, 
slope position, micro-landform, topographic wetness index (TWI), 
terrain roughness index (TRI), sediment transport index (STI), and 
stream power index (SPI)), geological conditions (distance from 
faults, lithology, combination reclassification of stratum dip direc-
tion, and slope aspect (CRDS)), environmental conditions (dis-
tance from hydrographic net, normalized vegetation index 
(NDVI), land cover, and annual average rainfall), and human 
activities (distance from roads, and POI kernel density). Table 1 
shows the description of each factor. 

Slope, degree of relief, aspect, slope position, micro-landform, 
curvature, profile curvature, plan curvature, TRI, TWI, STI, and 
SPI were all acquired by processing the digital elevation model 

 

 

Figure 3. Landslide inventory map of Fengjie County. 
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Table 1  Description of landslide-conditioning factors 

Category Conditioning factor Description 

Elevation (m) Elevation is the basic data to extract terrain data and usually represents vegetation 

patterns and climate 

Degree of relief (m) Degree of relief refers to the maximum elevation difference in a certain area, which can 

be used to describe the terrain in a macroscopic way 

Slope (°) Slope is the degree of steepness and slowness of the surface unit, usually indicated by 

the ratio of the vertical height of the slope to the distance in the horizontal direction 

Aspect Aspect is the projection direction of slope, normally on the horizontal plane. The orien-

tation of mountain effects on sunshine hours and solar radiation intensity 

Curvature Curvature could be seen as slope of a slope, which affects soil erosion and affects the 

movement of water on slope surface 

Profile curvature Profile curvature is a measure of the change rate of the ground elevation along the 

orientation of the maximum gradient of the ground slope. Its essence is the change rate 

of the ground slope. A value greater than 0 means the grid is part of a concave up slope. 

A value less than 0 means the slope is raised 

Plan curvature Plan curvature is the slope perpendicular to the orientation of the maximum slope. A 

value greater than 0 means the unit is part of the lateral concave slope. A value less than 

0 means the slope is laterally convex 

Slope position Slope position refers to the geomorphic element of the slope 

Micro-landform Micro-landform is a small-scale geomorphic form 

TWI (Hong et al., 2016b) TWI can quantitatively describe the spatial distribution of soil moisture in an area. The 

larger the value, the higher the soil water content, and the more likely the soil will reach 

saturation state to generate runoff 

TRI TRI is a surface roughness index, referring to the ratio of the surface area of the earth to 

the projected area in a certain region. It can describe the surface morphology macro-

scopically 

STI (Pourghasemi et al., 2012; 

Moore and Wilson, 1992) 

STI is a comprehensive index used to characterize the transport and deposition of sur-

face materials with water flows 

Topography 

SPI (Sestraș et al., 2019;  

Yu et al., 2019) 

SPI can quantitatively describe the erosion capacity of surface water. The results in-

clude the path formed by the flow convergence and the possible erosion gully points. 

The larger the SPI value, the stronger the erosion ability of surface water flow 

Distance from faults (m) Within a certain range, the closer to the main fault, the looser the soil quality of the 

slope body, thus prone to landslides 

Lithology Due to the different formation time and weathering degrees and various weakness 

degrees of formation lithology, cultivated soil is different and the ability to maintain 

soil water content is different 

Geological conditions 

CRDS (Wen et al., 2017) It relates to the combination of the rock inclination and the slope aspect, as well as the 

sedimentary stack direction of the slope 

Distance from hydrographic  

net (m) 

The closer the water area is to rivers and lakes, the lower the altitude is, and the higher 

the soil moisture content is. To a certain extent, it can reflect the soil moisture in a small 

area, and can also reflect the terrain and topography of this area 

NDVI NDVI can describe vegetation cover on the surface 

Land cover Land cover is the result of reclassification and merging based on the data of 

Chongqingʼs Second Survey in 2015. Land cover represents vegetation and land use 

patterns, both of which may affect susceptibility 

Environmental  

conditions 

Annual average rainfall (mm) Its time scale is 15 years from 2000 to 2014, and it can roughly reflect the rainfall in the 

study area 

Distance from roads (m) The construction of roads will wreck the stability of slopes and let it prone to landslidesHuman activities 

POI kernel density POI, a feature that specifies coordinates of specific points (e.g., schools, restaurants, 

churches, etc.) on maps, can be used to identify information on urban structures and 

economic vitalities, which are related to various human activities at a micro-scale (Yao 

et al., 2017; Bakillah et al., 2014). POI kernel density based on POI data could effec-

tively reflect the patterns of population distributions and human activities, which will 

also make the soils around the slope loose and affect the stability of strata to a certain 

extent 
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Figure 4. Landslide inventory map of Wushan County. 

 

 

Figure 5. Statistics of landslide type and trigger (inner ring: Fengjie County; outer ring: Wushan County). (a) In terms of type; (b) in terms of trigger. 

 

(DEM) from ASTER GDEM with 30 m resolution. Landsat 8 OLI 
satellite images were used to extract NDVI and land cover data. 
Lithologies and faults were extracted by vectorizing geological 
maps at a scale of 1 : 200 000. Google Earth was used to obtain 
the hydrographic nets and roads. The distances from faults, hy-
drographic nets, and roads were generated after buffering the 
faults, river networks and roads. CRDS was extracted by subtrac-
tion and reclassification of aspects and tendencies. Annual average 
rainfall was derived from information of local climate stations by 
using the spatial interpolation method. The POIs in this research 
were provided by Baidu Map Service (http://map.baidu.com), the 
largest and most-widely-used web map service provider in China. 
With the help of the application programming interfaces (API) 
provided by Baidu Map, the population-related POIs were ex-

tracted from the Fengjie and Wushan area to get a total of about 
17 324 and 12 688 records, respectively, including commercial 
sites, business establishments, residential communities, educa-
tional facilities (e.g., kindergartens, primary schools, and middle 
schools), clinical facilities and scenic locations. POI kernel density 
was based on POI data generated by using the kernel density tool 
of ArcGIS software.  

Since all the 22 landslide-conditioning factors were at dif-
ferent intervals or scales, all grid data were transformed to 
raster grids with 30 m resolution corresponding to DEM. Ac-
cording to relevant literature and the areas of the landslides in 
our study area, 30 m×30 m cells are detailed enough to catch 
the spatial characteristics of landslides and also comprehensive 
enough to lessen the computational complexity (Huang et al., 
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2017; He et al., 2012). Meanwhile, classification was per-
formed for the continuous factors, i.e., elevation, slope, degree 
of relief, curvature, profile curvature, plan curvature, TRI, TWI, 
STI, SPI, NDVI, annual average rainfall, and POI kernel den-
sity, so as to facilitate further analyses. Based on field investi-
gations, experts' experiences and several examples in the lit-
erature, the threshold value of each category was first deter-
mined by the natural breakpoint method, and then slightly ad-
justed by calculating the landslide density under each category, 
so as to make it more in line with the actual situation (Wu et al., 
2020; Li et al., 2019; Xie et al., 2018; Wen et al., 2016; Xu et 

al., 2012) (Table 2). To reduce the data discreteness, the 22 
landslide-conditioning factors after reclassification were nor-
malized. The classification index values of these factors were 
then transformed linearly so that the values were reduced to [0, 
1] interval. Since RF is a non-linear model, there is no need to 
check the multicollinearity between the factors. The thematic 
layers of these factors are shown in Fig. 7. 

Moreover, in order to explore the generalization ability 
of the model in Wushan County, the 22 landslide-conditioning 
factors of Wushan County were also collected, and the reclas-
sification and normalization method during data processing 

 

 

Figure 6. Flowchart of the study. 
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Table 2  Categories of landslide-conditioning factors 

Conditioning factor Class Classification standard 

Elevation (m) 11 1. < 340; 2. 340–543; 3. 543–690; 4. 690–832; 5. 832–951; 6. 951–1 053; 7. 1 053–1 144; 8. 1 144–1 302;  

9. 1 302–1 556; 10. 1 556–1 654; 11. >1 654 

Degree of relief (m) 7 1. < 20; 2. 20–30; 3. 30–40; 4. 40–50; 5. 50–80; 6. 80–120; 7. >120 

Slope (°) 9 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 

Aspect 9 1. Flat; 2. north; 3. northeast; 4. east; 5. southeast; 6. south; 7. southwest; 8. west; 9. northwest 

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

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

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

Slope position 6 1. Ridge; 2. upper slope; 3. middle slope; 4. flats slope; 5. lower slope; 6. valleys 

Micro-landform 10 1. Canyons, deeply incised streams; 2. midslope drainages, shallow valleys; 3. upland drainages, headwaters;  

4. U-shape valleys; 5. plains; 6. open slopes; 7. upper slopes, mesas; 8. local ridges hills in valleys;  

9. midslope ridges, small hills in plains; 10. mountain tops, high narrow ridges 

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

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

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

SPI 7 1. <15; 2. 15–30; 3. 30–45; 4. 45–60; 5. 60–100; 6. 100–1 000; 7. >1 000 

Distance from faults (m) 7 1. < 500; 2. 50–1 000; 3. 1 000–1 500; 4. 1 500–2 000; 5. 2 000–2 500; 6. 2 500–3 000; 7. >3 000 

Lithology 12 1. J3p/J3s; 2. J2s/J2xs; 3. J1-2z/J1z; 4. T3xj; 5. T3b1; 6. T2b2; 7. T1d; 8. T1j; 9. P2; 10. P1; 11. D3/D2; 12. S1-2 

CRDS 7 1. Dip-slope I; 2. dip-slope II; 3. outward slope; 4. oblique slope; 5. tangential slope; 6. reverse slope; 7. flat 

Distance from  

hydrographic net (m) 

7 
1. <100; 2. 100–200; 3. 200–300; 4. 300–400; 5. 400–500; 6. 500–600; 7. >600 

NDVI 7 1. <0.10; 2. 0.10–0.15; 3. 0.15–0.20; 4. 0.20–0.25; 5. >0.25 

Land cover 8 1. Meadow; 2. farmland; 3. water area; 4. forest; 5. garden plot; 6. transportation; 7. residential land; 8. others 

Annual average  

rainfall (mm) 

8 
1. <1 221; 2. 1 221–1 251; 3. 1 251–1 276; 4. 1 276–1 308; 5. 1 308–1 343; 6. 1 343–1 389; 7. 1 389–1 440; 8. >1 440 

Distance from roads (m) 7 1. <100; 2. 100–200; 3. 200–300; 4. 300–400; 5. 400–500; 6. 500–600; 7. >600 

POI kernel density 7 1. <1; 2. 1–2; 3. 2–3; 4. 3–4; 5. 4–5; 6. 5–10; 7. >10 

 

was consistent with the corresponding factors of Fengjie 
County. 
 
2.2  Preparation of the Dataset 

The most important problem in pre-processing works before 
constructing a model for LSM is to ensure that there are a suffi-
cient number of samples, including positive and negative cells. 
As a rule, relatively few positive cells are used because landslides 
are relatively rare, whereas non-landslide samples are much more 
numerous than landslide samples and are more easily collected 
(Hussin et al., 2016). The use of additional negative cells could 
expand the data size for machine learning, but it will cause a 
sample imbalance problem, thereby biasing the classifier towards 
the negative cells and negatively affecting its performance (Wang 
et al., 2019). Heckmann et al. (2014) summarized the types of 
regression analyses, finding that the ratios of positive-to-negative 
cells often range between 1 : 1 and 1 : 10. In this study, positive 
cells consisted of 1 522 historical landslides, each of which was 
regarded as a single grid cell (30 m×30 m). Three typical ratios of 
positive-to-negative cells, i.e., 1 : 1, 1 : 5, and 1 : 10, are adopted 
for comparative analyses to construct a model with great predic-
tion capability. Accordingly, the number of non-landslides corre-
sponding to each ratio (1 522, 7 610, and 15 220) was randomly 
extracted from the non-landslide area in Fengjie County. 

2.3  Random Forest Model 
As an ensemble of individually trained binary decision 

trees, RF is one of the most widely used classifier methods, 
with successful results for regression, classification and feature 
selection (Chen et al., 2018c). Unlike other machine learning 
models, RF returns several important measures of a variable; 
and then the most reliable measure is used to reduce the classi-
fication accuracy when the values of the variables in the nodes 
of the tree are randomly arranged (Breiman, 2001).  

The key point of RF is that it combines n independent deci-
sions [y(X,θk; k=1,2,...n)] to construct a model. Each decision tree 
in the model judges or predicts the samples. Different classifica-
tion models y1(X), y2(X),..., yk(X) are obtained after sample train-
ing. Then, these classification models are used to build RF mod-
els. Last, voting is conducted  

max

1

( ) arg ( ( ) )
k

Z i
i

Y X I y X Z


                      (1) 

where Y(X) represents a RF model; yi(X) denotes a single deci-
sion tree model; Z means output variable; and I( ) is an explicit 
function. 

The generalization error of RF depends on the accuracy of 
a single tree and the correlation between the trees. The final  
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prediction result is achieved by a majority vote of the decision 
trees (Sahin et al., 2018). Figure 8 shows the steps of the RF 
algorithm. 

In this study, the RF for LSM consists of two trees (i.e., 
positive and negative cells), each of which is constructed with 
22 random features (i.e., the 22 landslide-conditioning factors).  
 
2.4  Validation Method 
2.4.1  10-fold cross-validation 

When utilized to validate the accuracy of algorithms, the 
10-fold cross-validation could reduce the variability and is well 
applicable in the case of small samples. The general process of 
10-fold cross-validation is: first, to randomly divide the dataset 
into ten subsets, with one of them used as the test dataset and 
the other nine as the training dataset each time. Then under a 
certain model, each operation of fitting will get certain results 
and a correct rate (or an error rate). A total of ten such opera-
tions are performed. Finally, the average value of the accuracies 
(or error rates) for the 10 subsets is utilized to evaluate the ac-
curacy of the algorithm (Jiang and Chen, 2016). After this, 
among these subsets, the subset with the highest test accuracy 
is utilized to construct a model related to LSM. 
 
2.4.2  Confusion matrix and ROC curve 

Any landslide susceptibility assessment will have no scien-
tific significance without validation, and there is no exception for 

 

 

Figure 8. The schematic diagram of the RF algorithm. 

this study. The confusion matrix and ROC have been widely used 
to evaluate the performance of landslide susceptibility assessment 
models (Huang and Zhao, 2018; Kalantar et al., 2017; Shirzadi et 
al., 2017). ROC is a kind of curves based on a confusion matrix, 
which takes sensitivity and specificity as horizontal and vertical 
axes, respectively. The value of AUC under the ROC curve of the 
training dataset is a symptom of the success power of a model, 
while the AUC of the test dataset is a symptom of the predictive 
capabilities of a model (Tsangaratos et al., 2016). Such statistical 
measures based on the confusion matrix as accuracy and precision 
were also utilized to evaluate the model, and these measures could 
be calculated as shown in Table 3. For the value of AUC, accuracy, 
and precision, a value of 1 indicates a perfect model, a value of 0 
indicates an information-less model, and higher value indicates a 
better model (Zhang et al., 2019; Das et al., 2012). 

 
3  ANALYSES AND RESULTS 
3.1  An Optimized RF Model with Best Ratios and 10-Fold 
Cross-Validation 

Table 4 shows the accuracy of the 10-fold cross-validation 
of the RF models at different ratios of positive-to-negative cells. 
As can be seen, the average accuracy of the test dataset of the 
RF model at ratios of 1 : 1, 1 : 5, and 1 : 10 were 0.769, 0.851, and 
0.914, respectively. Subset 3 with the ratio of 1 : 1, subset 1 with  

 
Table 3  Statistical measures based on the confusion matrix 

Statistical 

measure 

Equation Definition 

Accuracy TP TN
ACC=

TP FP TN FN


  

 The proportion of positive 

and negative cells which 

are correctly identified 

Precision TP
PRE=

TP FP
 The proportion of positive 

cells in the positive sample

identified 

Sensitivity TP
SST=

TP FN
 The percentage of positive

cells that are correctly 

identified 

Specificity TN
SPF=

TN FP
 The percentage of negative

cells that are correctly 

identified 

 
Table 4  The accuracy of 10-fold cross-validation at different ratios 

Subset Accuracy of the test dataset 

 Ratio of 1 : 1 Ratio of 1 : 5 Ratio of 1 : 10 

1 0.796 0.838 0.916 

2 0.779 0.884 0.913 

3 0.800 0.847 0.914 

4 0.786 0.837 0.918 

5 0.737 0.859 0.912 

6 0.734 0.864 0.922 

7 0.757 0.843 0.918 

8 0.763 0.852 0.904 

9 0.787 0.847 0.921 

10 0.760 0.841 0.905 

Mean 0.769 0.851 0.914 
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Table 5  Confusion matrix of the modelsat different ratios 

Actual value  Ratios 
  

Landslide (1) Non-landslide (0)  

Landslide (1) 1 473 49 1 : 1 Predicted 

Non-landslide (0) 49 1 473 

ACC: 0.969 

PRE: 0.969 

Landslide (1) 1 346 28 1 : 5 Predicted 

Non-landslide (0) 176 7 582 

ACC: 0.978 

PRE: 0.980 

Landslide (1) 1 229 7 1 : 10 Predicted 

Non-landslide (0) 293 15 213 

ACC: 0.982 

PRE: 0.994 

 

the ratio of 1 : 5, and subset 6 with the ratio of 1 : 10 had a 
relatively higher accuracy (0.800, 0.884, and 0.922). Therefore, 
the RF models based on different ratios of positive-to-negative 
cells were constructed by using the training dataset of these 
subsets. Table 5 presents the confusion matrix of all datasets of 
these RF models. As for the statistical measure of accuracy, the 
values of it at ratios of 1 : 1, 1 : 5, and 1 : 10 were 0.969, 0.978, 
and 0.982, respectively. As for the statistical measure of preci-
sion, the values of it at ratios of 1 : 1, 1 : 5, and 1 : 10 were 
0.969, 0.980, and 0.994, respectively. Figure 9 shows the ROC 
curves of the RF models at different ratios, where the AUC 
value of the test dataset at ratios of 1 : 1, 1 : 5, and 1 : 10 were 
0.851, 0.862, and 0.876, respectively. Although all models at 
different ratios showed reasonable goodness of fit for the test 
datasets, however, the RF model at the ratio of 1 : 10 performed 
better, whether by measuring of confusion matrix or AUC value. 
The RF model at a ratio of 1 : 10 had a better prediction than 
ratios of 1 : 1 and 1 : 5 in this case. Therefore, at last, the opti-
mized RF model (Fengjie-based model) based on Fengjie land-
slides with best ratios of positive-to-negative cells and 10-fold 
cross-validation was adopted to evaluate its generalization abil-
ity in Fengjie County and Wushan County. 
 

3.2  Generalization Ability in Fengjie County 
After construction, the optimized model was applied to the 

whole Fengjie area to evaluate its generalization ability in the 
area where the model is originated. Based on expert experience 
method, 4 categorized breakpoints (at 0.05, 0.20, 0.30, and 0.51) 
were extracted to divide the susceptibility values in Fengjie area 
into 5 classes, corresponding to very low, low, medium, high, and 
very high susceptibility regions, respectively. The selection of the 
categorized breakpoints should be able to minimize the density of 
historical landslides in the low susceptibility region and maxi-
mize that in the high susceptibility region, which is as consistent 
as possible with the actual situation (Sun et al., 2020). Figure 10 
is the LSM of Fengjie County generated by the Fengjie-based 
model, which shows that most areas of Fengjie County were 
located in the low susceptibility regions, concentrated in the east 
and southwest. The high susceptibility regions were concentrated 
along the Yangtze River and its tributaries, mainly located in the 
northwest of Fengjie, a result that is well consistent with the dis-
tribution pattern of actual landslides. 

Moreover, statistical analysis was used to quantitatively 
evaluate the model generalization ability via the following met-
rics: the percentage of each susceptibility classification, the 
number of landslides, and the proportion and density of each 
classʼ region. As shown in Table 6, more than 78.65% of the 

 

Figure 9. ROC curve of the Fengjie-based model. 

 

 

Figure 10. LSM of Fengjie County generated by Fengjie-based model. 

 

landslides were located in 2.11% of the very high susceptibility 
regions, and only 0.46% of the landslides were located in 45.97% 
of very low susceptibility region. The landslide density was in-
creased by approximately 53 times (from 0.070 to 3.743) when 
the susceptibility level varied from “very low” to “very high”. 
This result showed that the LSM generated by the Fengjie-based 
model is well consistent with the distribution of actual  
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Table 6  Statistics of the susceptibility classes for Fengjie County 

Susceptibility class Coverage of area Landslide (point) Landslide (%) Landslide density (Pcs/km2) 

Very low 45.97% 7 0.46% 0.070 

Low 32.68% 45 2.96% 0.143 

Medium 10.21% 30 1.97% 0.326 

High 9.04% 242 15.90% 0.483 

Very high 2.11% 1 197 78.65% 3.743 

 

landslides and delivered high stability and predictive capability 
in Fengjie County, indicating a great generalization ability of the 
model to the area where the model is originated. 
 
3.3  Generalization Ability in Wushan County 

The LSM for Wushan County generated by the Fengjie- 
based model (LSM1) is shown in Fig. 11. Based on expert ex-
perience method, 4 categorized breakpoints (at 0.08, 0.18, 0.25, 
and 0.38) were extracted to divide the susceptibility values in 
the Wushan area into 5 classes, corresponding to very low, low, 
medium, high, and very high susceptibility regions, respectively. 
According to the LSM1, most areas of Wushan County were 
located in regions with low susceptibility to landslides and 
were concentrated in relatively flat areas, such as the upper east 
and southwest regions. The high susceptibility regions were 
concentrated along the Yangtze River and its tributaries, mainly 
located in the northwest of Wushan. 

To evaluate the generalization ability of the Fengjie-based 
model in the Wushan area, we collected the Wushan area land-
slides and generated the ROC curve based on these actual land-
slides in Wushan County and the predicted value of the Fengjie- 
based model (Fig. 12). As shown in Fig. 12, the AUC value was 
0.813 in this case, indicating the efficient application performance 
and great generalization ability of the Fengjie-based model. 

Additionally, a RF model (Wushan-based model) based 
on Wushanʼs own landslides data and conditioning factors 
was constructed by following the same steps as in the   
Fengjie-based model in this study. Figure 13 shows the ROC 
curves of this Wushan-based model; and the AUC values of 
the training dataset and test dataset were 1.00 and 0.823, re-
spectively. The LSM for Wushan County generated by the 
Wushan-based model (LSM2) is shown in Fig. 14. Based on 
expert experience method, 4 categorized breakpoints (at 0.13, 
0.22, 0.33, and 0.5) were extracted to divide the susceptibility 
values in Wushan area into 5 classes, corresponding to very 
low, low, medium, high, and very high susceptibility regions, 
respectively. 

To compare the results of different models, statistical 
analysis was made to quantitatively evaluate the validity of the 
models. As shown in Table 7, in the very low susceptibility 
region, the landslide density of LSM1 is 0.055 Pcs/km2 and the 
landslide density of LSM2 is 0.034 Pcs/km2. In the very high 
susceptibility region, the landslide density of LSM1 is 1.595 
Pcs/km2 and the landslide density of LSM2 is 1.987 Pcs/km2. 
As for LSM1, when the susceptibility level varied from “very 
low” to “very high”, the landslide density would be increased 
by approximately 29 times. As for LSM2, under the same 
change, the landslide density would be increased by approxi-
mately 58 times. As the susceptibility level increases, the  

 

Figure 11. LSM of Wushan County generated by the Fengjie-based model. 

 

 

Figure 12. ROC curve of Wushan County generated by the Fengjie-based model. 

 

 

Figure 13. ROC curve of the Wushan-based model. 
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Figure 14. LSM of Wushan County generated by the Wushan-based model. 

 

Table 7  Statistics of the susceptibility classes for Wushan County 

Landslide density (Pcs/km2) Susceptibility class 

LSM1 LSM2 

Very low 0.055  0.034 

Low 0.250  0.163 

Medium 0.483  0.347 

High 0.841  0.900 

Very high 1.595  1.987 

landslide density also gradually increases, which indicates 
that the LSMs generated by the Fengjie-based and Wushan- 
based models were consistent with the distribution pattern of 
the actual historical landslides, and both models had certain 
reference value. 

Moreover, two typical landslides are selected to demon-
strate the model performance at a micro-scale. Located in the 
southwest of Wushan County (Fig. 15), the Gongjiapo Land-
slide occurred in September 2014, mainly triggered by rainfall. 
The main type of the landslide strata is T2b, dominated by 
sandstone and limestone, with an elevation of 433 m a.s.l. and a 
slope of 44º. The landslide area covers about 7.4×104 m2, with 
a volume of about 18.5×104 m3, so it is categorized as a me-
dium landslide, burying more than 70 people of 16 families in 
Gongjiapo Village and leading to an asset loss of CNY 5.4 mil-
lion yuan. Also triggered by rainfall, another typical landslide 
occurred in July 2016 in Liujiapo, also located in the southwest 
of Wushan County (Fig. 15). The landslide materials are mainly 
composed of sandstone, limestone, and shale. At an elevation of 
1 025 m a.s.l. and a slope of 33º, the landslide covers an area of 
about 0.32×104 m2, with a volume of about 0.8×104 m3, so it 
can also be categorized as a medium landslide, claiming the life 
of more than 122 people of 132 families in Liujiapo Village and 
leading to an asset loss of CNY 200 million yuan. As shown in 
Fig. 15, Gongjiapo Landslide was in very high susceptibility 
regions whether in the Fengjie-based or Wushan-based model, 
while Liujiapo Landslide was in high susceptibility region in 
Wushan-based model, and in medium susceptibility region in 
Fengjie-based model. 

It is concluded that, although the LSM generated by the 
Fengjie-based model was not as good as the LSM generated by 
Wushan-based model in Wushan area, it also had a reasonable 
reference value. In other words, the great generalization ability 
of the Fengjie-based model was demonstrated in the area other 
than the origin of the model. 

 

 

Figure 15. Typical landslides in Wushan County. 
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4  DISCUSSION 
4.1  Ratio of Positive-to-Negative Cells 

It is an essential procedure to define the sampling size that 
will be exploited to train and test the susceptibility model. The 
modeler needs to decide not only the number of positive cells 
but also the number of negative cells to be used in assessing the 
success and prediction capability of the model. The use of addi-
tional negative cells could expand the data size for machine 
learning, so a sample has to be large enough to cover the vari-
ability of geo-factors within the study area, and to yield stable 
and reproducible results (Heckmann et al., 2014). However, it 
will cause a sample imbalance problem, thereby biasing the 
classifier towards the negative cells and negatively affecting its 
performance (Wang et al., 2019). Moreover, a large sample is 
likely to violate the assumption of independent observations 
due to spatial autocorrelation. Therefore, in the actual process, 
it is necessary to constantly try different ratios of positive-to- 
negative cells to construct a model with better prediction capa-
bility and performance. In this study, 3 typical ratios of    
positive-to-negative cells, i.e., 1 : 1, 1 : 5, and 1 : 10, are 
adopted for comparative analyses. As shown in Fig. 5 and Ta-
ble 9, as the proportion of negative cells increases, the accuracy 
of the model becomes increasingly higher and there is no im-
balance problem that the classifier is biased towards the nega-
tive cells. However, only these 3 most typical ratios have been 
tried in this study, and higher ratios have not been tried. How to 
improve the accuracy and avoid imbalance problems in which 
classifier is biased towards the negative cells is a question 
worthy of further discussion in the subsequent research. 
 
4.2  Generalization Ability in Area other than the Origin 
of the Model 

In the current study, the great generalization ability of the 

Fengjie-based model was demonstrated in the Wushan area, 
which is an area other than the origin of the model. The same 
terrain, geological and hydrological conditions in both Wushan 
County and Fengjie County could facilitate the explanation of 
the generalization ability to some extent. As can be seen from 
Section 2.1, both counties are located in the east of the Sichuan 
Basin, in some mountainous landforms as well as at the junc-
tion of the Dabashan arc fold fault zone and the eastern Sichuan 
fold belt, with the same elevation range. The main types of 
strata are the same, including Triassic (T), Jurassic (J), Permian 
(P), Devonian (D), Silurian (S), Quaternary (Q), and Carbonif-
erous (C) (Fig. 1). The monthly average rainfall and tempera-
ture distribution in Fengjie County and Wushan County are also 
almost the same (Fig. 2). Moreover, the types of landslides in 
these two counties are identical, that is, most of them are 
small-medium, shallow/soil landslides, and triggered by rainfall. 
Distributed together with slope soils, residuals, and shale, or 
mudstones without active faults, most of these landslides are 
developed in low mountain-landforms with a 20º–40º slope 
degree of poor stability. Hence, it was concluded that the same 
elevation range, annual temperature and rainfall, and identical 
landslides in both counties are the most basic elements to 
achieve the great generalization ability of the model. 

Additionally, the prediction capability of landslide assess-
ment models is closely related to the landslide-conditioning fac-
tors selected. Therefore, analyzing the importance of the factors 
for landslide occurrence in the different regions could also facili-
tate the explanation of the generalization ability. The mean de-
crease Gini, a metric in the RF model, can measure how each 
variable promotes the homogeneity of the nodes and leaves in the 
resulting RF and has particular reference value for the critical 
order of factors (Hong et al., 2016b). Figures 16 and 17 illustrate 
the 22 factors ordered by the mean decrease Gini of the Fengjie- 

 

 

Figure 16. The importance of the factors of the Fengjie-based model. 
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Figure 17. The importance of the factors of the Wushan-based model. 

 
based and Wushan-based models, showing that the 10 most im-
portant conditioning factors for Fengjie-based model were: 
lithology, elevation, distance from roads, POI kernel density, an-
nual average rainfall, aspect, CRDS, slope, NDVI, and distance 
from hydrographic net. On the other hand, the most 10 important 
factors of the Wushan-based model were: elevation, lithology, POI 
kernel density, aspect, distance from roads, annual average rainfall, 
land cover, slope, CRDS, and NDVI. Although there were slight 
differences in the ranking of the factors of these two models, the 
top 10 factors of them were the same, except for distance from 
hydrographic net and land cover. However, although distance 
from hydrographic net was not ranked in the top 10 factors for the 
Wushan-based model, it was still ranked in 11, which means this 
factor was also very important. In terms of the last factors in the 
ranking, the last 5 ones for the two counties were the same, i.e., 
TWI, slope position, TRI, STI, and distance from faults. 

Among the most important conditioning factors, the lithol-
ogy, elevation, distance from roads, POI kernel density, and an-
nual average rainfall had higher values of mean decrease Gini in 
both models. This means that, if removing them, the error rate of 
the model will increase. Therefore, the landslide density maps of 
the Fengjie-based model and Wushan-based model were gener-
ated for these most important factors as an example to explore 
the influence of the factors for landslide occurrence (Fig. 18). As 
for continuous conditioning factors (including elevation, distance 
from roads, POI kernel density, and annual average rainfall), they 
were analyzed from a quantitative perspective. Obviously, al-
though the values of the landslide-conditioning factor densities in 
the two counties were different in each class, the overall trend 
was the same. For example, the landslide density of the two 
counties were both negatively correlated with the elevation, dis-
tance from roads, and annual average rainfall, but positively with 
POI kernel density (Fig. 18). As for the qualitative factor (lithol-
ogy), analyses found that although the lithology of the two coun-

ties is slightly different, the density of landslides was relatively 
high when the lithology was Jurassic (J), Triassic (T), and Per-
mian (P). 

Therefore, it was concluded that the Fengjie-based model 
had such good predictive power in Wushan County (i.e., the 
generalization ability), partly because the conditioning factors 
have the same effect on the occurrence of landslides in both 
Fengjie and Wushan counties. Combined with the same terrain, 
geological and hydrological conditions in both Wushan and 
Fengjie counties, it can be concluded that the optimized  
Fengjie-based model in this study could be applied in other 
similar areas/countries with the same terrain and geological 
conditions and small-medium, shallow/soil landslides. The 
result of this study is a good contribution to the landslide as-
sessment research at the regional scale, as it could generate a 
LSM without collecting landslide information for modeling, so 
as to reduce workload and improve efficiency in practice, 
which has not been reported in previous studies. 

 
4.3  A more Generalizable Model after Factor Selection 

In order to avoid the disadvantages of the subjective selec-
tion of factors by expert experience and missing important fac-
tors, this study comprehensively weighs four categories of factors 
that affect landslides including topography elements, geological 
conditions, environmental conditions, and human activities, and 
finally selects 22 landslide-conditioning factors under these four 
categories. Selecting a large quantity of landslide-conditioning 
factors has both advantages and disadvantages. On the one hand, 
because the choice is subject to the subjective influence, the se-
lection is less likely to miss those factors that are important for 
landslides, resulting in poor performance of the constructed 
models and difficulties in obtaining an ideal LSM. On the other 
hand, selecting too many landslide-conditioning factors will 
bring in the following shortcomings: (1) first, the workload of 
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Figure 18. Landslide density charts. (a) Elevation; (b) distance from roads; (c) annual average rainfall; (d) POI kernel density. 

 
obtaining data is increased, and the difficulty of obtaining data 
varies in different regions. Too many landslide-conditioning fac-
tors are not conducive to applying the constructed models to other 
regions; (2) the influence of some landslide-conditioning factors 
on landslides is not so significant, and (3) many landslide-   
conditioning factors have correlations with each other, so some 
factors could be replaced by others with the same influence. 

In the current work, to facilitate the application of the model 
to other areas than its origin area more easily, we selected the top 
10 most important factors ordered by the mean decrease Gini in 
the Fengjie-based and Wushan-based models (i.e., elevation, 
lithology, POI kernel density, aspect, distance from roads, annual 
average rainfall, slope, CRDS, distance from hydrographic net, 
and NDVI), and reconstructed a Fengjie RF model (Fengjie- 
based-generalizable model) by following the same steps as in the 
original Fengjie-based model. Figure 19 shows the AUC values 
of this model, it can be found that compared with the original 
Fengjie-based model, the AUC value of the Fengjie-based gener-
alizable model on the test dataset is decreased only by 0.022, and 
the AUC value applied to Wushan County is decreased only by 
0.013. Using just these 10 factors has achieved almost the same 
effect as using the 22 factors, but fewer factors are more condu-
cive to the wide application of the model. Therefore, in the future 
research, more objective methods will be adopted to select the 
factors that may have a dominate role in the occurrence of land-
slides, such as eliminating later factors in the primary selection 

 

Figure 19. ROC curve of the Fengjie-based-generalizable model. 

 
factor ranking, recursive feature elimination (Zhou et al., 2014) 
and so on, and a model will be constructed that cannot only de-
liver on good accuracy and generalization ability but is also more 
conducive to wide application. 
 
5  CONCLUSIONS 

This study developed an optimized RF model and ex-
plored its generalization ability not only in the area where the 
model is originated but also in area other than the origin of the 
model, with the following conclusions reached. 

(1) An optimized RF model based on Fengjie landslides 
with best ratios of positive-to-negative cells and 10-fold cross- 
validation was constructed. The ratio of positive-to-negative cells 
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of 1 : 10 had the best prediction capability and performance, and 
there is no imbalance problem that the classifier is biased towards 
the negative cells. 

(2) The accuracy, precision, and AUC value of the test 
dataset of the Fengjie-based model were 0.982, 0.994, and 
0.876, respectively, and the LSM generated by the Fengjie- 
based model in Fengjie County is well consistent with the dis-
tribution pattern of actual landslides. The Fengjie-based model 
delivered high stability and predictive capability in Fengjie 
County, indicating a great generalization ability of the model to 
the area where the model is originated. 

(3) The AUC value formed by the actual landslide value of 
Wushan and the predicted value of the Fengjie-based model 
was 0.813. The LSM in Wushan County generated by the 
Fengjie-based model had a reasonable reference value, indicat-
ing the Fengjie-based model had a great generalization ability 
in area than the origin of the model.  

(4) The Fengjie-based model had such a generalization 
ability in area other than the origin of the model, partly because 
the selected counties have the same terrain, geological and 
hydrological conditions, and the conditioning factors have the 
same effect on the occurrence of landslides in both counties. 
Thus, it can be inferred that the Fengjie-based model in this 
study could be applied in other similar areas/counties with the 
same terrain and geological conditions. 

(5) Based on Conclusion (4), a model after factor selec-
tion is reconstructed, which cannot only deliver on good ac-
curacy and generalization ability but is also more conducive 
to wide application. 

The result of this study is a good contribution to the land-
slide assessment research at the regional scale, as it could gen-
erate a LSM without collecting landslide information for mod-
eling, so as to reduce workload and improve efficiency in prac-
tice, which has not been reported in previous studies. 
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