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Abstract

:

From 9 to 11 August 2019, the southeast coastal areas of China were hit by Typhoon Lekima, which caused a large number of shallow landslides. The typhoon resulted in a maximum rainfall of 402 mm during 3 days in Ningguo City. In this study, satellite images were acquired before and after the rainfall and visual interpretation was used to identify 414 shallow landslides in Ningguo City, and a complete database of shallow landslides caused by the typhoon-induced rainfall in Ningguo City was created. Nine landslide-influencing factors were selected—elevation, slope, aspect, strata, distance to faults, distance to rivers, distance to roads, normalized vegetation difference index, and rainfall—and the relationships between the rainfall-induced landslide distribution and the influencing factors were analyzed. The Bayesian probability method was combined with a logistic regression model to establish a landslide probability map for the study area. The real probabilities of landslide occurrence in the study area under five different rainfall conditions were calculated, and probability maps of landslide occurrence were drawn. The results of this study provide a reference for disaster prevention and reduction of typhoon rainstorm landslides in the southeast coastal areas of China and a future basis for decision making by the Ningguo government departments before a typhoon rainstorm occurs.
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1. Introduction


The southeast coastal areas of China are frequently hit by typhoons. According to the statistics, from 1949 to 2018, a total of 493 typhoons landed in China, an average of 7 typhoons create landfall every year, making China one of the countries with the most frequent typhoon landfalls and suffering the most severe typhoon damage in the world [1]. The more developed the regional economy and the greater the population density, the more serious the casualties and economic losses a typhoon produces [2,3]. The southeast coastal areas of China have a fragile geological environment, hilly mountains, and undergo frequent engineering activities. Under the influence of typhoons and rainstorms, geological disasters are extremely prone to occur, including the largest number of landslides and the most serious damage. For example, in 2004, Typhoon Rananim caused a large number of mudslides and landslides in Yongjia, Yueqing, and other counties in Zhejiang Province, resulting in 28 deaths [4,5]. In 2015, Typhoon Soudelor caused 81 geological disasters, including collapses, landslides, and mudslides in Taishun County, Zhejiang Province, resulting in six casualties and a direct economic loss of 41.18 million yuan [6]. In 2019, Typhoon Lekima caused a landslide in Shanzao Village, Yongjia County, Zhejiang Province. The landslide blocked the river and quickly formed a barrier lake, resulting in a dam burst. This landslide-barrier-lake disaster chain of events resulted in 32 deaths [7]. Moreover, the typhoon and rainstorm affected 100,000 people and killed 8 people in Ningguo City, Anhui Province, resulting in a direct economic loss of 2594 billion yuan [8]. The heavy casualties and huge economic losses caused by typhoon rainstorms and the geological disasters they induce make it necessary to research the spatial prediction of typhoon rainstorm-induced landslides in the southeast coastal area of China, which can provide a reference for government decision-making and disaster prevention and mitigation of such landslides before typhoons and heavy rainstorms.



At present, there are two methods for the spatial prediction of regional landslides: deterministic and statistical [9,10,11]. The deterministic method combines a hydrological model, surface runoff model, and slope stability model to evaluate the stability of each grid in the region, after which the spatial prediction of landslides in a region under the action of rainfall is carried out, such as the landslide susceptibility, landslide risk, and landslide probability maps. The statistical methods are mainly divided into two types. One is to determine the statistics of the rainfall factors influencing landslides in specific regions, to determine the rainfall threshold, and to carry out the spatial prediction of regional landslides under the action of rainfall. This method only considers the rainfall factors [12,13,14]. The other is to use a regression model, machine learning, and other methods to determine the impacts of various geomorphic, geological, road, and rainfall factors on the landslide; these factors are used to evaluate the landslide risk under future rainfall in the region and predict the landslide area [15,16,17]. The deterministic method requires knowledge of the hydraulic conductivity and the physical-mechanical parameters of the rock and soil mass. Although probabilistic methods such as the Monte Carlo method can be used to deal with the uncertainties of these parameters, using this method in the spatial prediction of landslides in a wide range of areas is still limited [12,18]. Statistical analysis methods based on regression models and machine learning require a large number of landslide cases and a large amount of data on the various landslide impact factors. With the development of computer technology, geographic information system (GISs), and remote sensing technology, these data have become easier to obtain and process. Although this method does not consider the physical and mechanical mechanisms of landslide occurrence, a few studies have shown that statistical analysis methods have high prediction accuracies in terms of the spatial prediction of landslides [19,20,21].



In this study, the landslides in Ningguo City caused by Typhoon Lekima in the southeast coastal areas of China in 2019 were taken as an example (1) to establish a complete database of the landslides induced by Typhoon Lekima in Ningguo City based on satellite images; (2) to analyze the relationships between the landslide distribution and the elevation, slope, aspect, strata, distance to faults, distance to rivers, distance to roads, normalized vegetation difference index (NDVI), and rainfall and explore the landslide development; (3) to use a logistic regression model to classify the typhoon rainstorm landslide susceptibility in the study area based on the above 9 factors; and (4) to calculate the probability of landslide occurrence under different rainfall conditions based on the Bayesian probability method and a logistic regression model and create a landslide hazard zoning map.




2. Geological Background


The study area (118°38′–119°17′ E, 30°43′–30°42′ N) is located in Ningguo City, Anhui Province, China, with slightly different local boundaries. The total area is 3002 km2. The geomorphology of the area is mountainous and hilly; the southeastern and southwestern regions are mountainous and the central and northern regions are hilly. The overall terrain is high in the south and low in the north. The highest elevation is 1444 m, and the lowest elevation is 12 m (Figure 1). The strata in the study area are the characteristic strata in the Yangtze region, and the exposed strata include Silurian (S), Cambrian (∈), Ordovician (O), Sinian (Z), Triassic (T), Jurassic (J), Quaternary (Qp), Devonian (D), Permian (P), Cretaceous (K), Carboniferous (C), granite porphyry (γπ), and a small number of unknown strata (using NONE as its code). Among them, the Silurian and Cambrian strata are the most commonly exposed (Figure 2). The study area is located in the Jiangnan uplift belt in the southeastern part of the Yangtze region. The geological structure is relatively complex. The main body of the structure is NW-trending, and the NW-trending faults are also well-developed (Figure 2). The neotectonic movement in the region has been characterized by intermittent slow uplift and local uplift. The seismic activity in the study area is low, the magnitude is small, and there are no active fractures [22]. The study area has a humid subtropical monsoon climate zone in the northern midlatitude region, with four distinct seasons, a mild climate, and abundant rainfall. In the hydrologic regionalization of China, it is located in the wet zone and has abundant water and the hydrogeological conditions are relatively simple. The main rivers in the region are the Shuiyang, Dongjin, Zhongjin, and Xijin rivers. Figure 3 shows the annual average rainfall in Ningguo City. It can be seen from the figure that the average annual rainfall in Ningguo City is more than 1000 mm. In particular, in 2016, the annual average rainfall reached 2267.9 mm.




3. Data and Methods


3.1. Data


Artificial visual interpretation of the landslides was carried out based on 3 m resolution planet satellite images. Satellite images acquired on 2 August, 5 August, and 6 August 2019 were selected to represent the area before the landslides occurred in the study area, and satellite images acquired on 17 August and 27 August 2019, were selected to represent the area after the landslides occurred in the study area. The elevation, slope, and aspect were extracted from a 12.5 m resolution digital elevation model (DEM) downloaded from the Advanced Land Observing Satellites (ALOSs) (earth observation satellites of Japan) (https://search.asf.alaska.edu, accessed on 10 January 2022). The faults and rivers are from Deng Qidong’s Active Tectonic map of China. The strata were extracted by vectorization of a 1:500,000 geological map in ArcGIS, and the roads were extracted from national roads data (https://malagis.com/, accessed on 10 January 2022). The NDVI data were downloaded from the Geospatial Data Cloud (http://www.gscloud.cn/search, accessed on 10 January 2022); the selected product was a composite of 1–5 August 2019, i.e., corresponding to the date of the landslides. The rainfall data were collected by six meteorological stations in the study area (http://data.cma.cn, accessed on 10 January 2022) and the distances from these meteorological stations to the center of the study area are 56.55 km, 46.85 km, 11.95 km, 59.19 km, 58.07 km, and 72.71 km.




3.2. Methods


Using the latitude and longitude grid in the ArcGIS platform, the study area was divided into several small areas. Then, the satellite images acquired before and after the landslides were compared one by one, mainly including a comparison of the tonal changes of the images, which are caused by the destruction of surface vegetation induced by landslides. The white areas in the images represent vegetation destruction and valley areas, and the green areas in the images represent vegetation coverage areas. If one small area is green before the typhoon and turns white after the typhoon, then this area was affected by a landslide. A complete landslide inventory for the study area was then obtained. Typical landslide examples are shown in Figure 4. Figure 4a is an image acquired before the landslides occurred, and Figure 4b is an image acquired after the landslides occurred.



The relationships between the spatial distribution of the landslides and the various influencing factors were analyzed based on the established landslide database. The real probability of landslide occurrence under different rainfall conditions was calculated by combining the Bayesian probability method with a logistic regression model [23]. The sample points were selected to be uniformly distributed throughout the entire study area. The size of the study area was 3002.3 km2, and 50 points per square kilometer were evenly selected, i.e., 150,100 points in total. To avoid repeated points in each grid, the minimum distance between sample points was set to 30 m. The obtained random points within a landslide area were defined as landslide samples, and those within non-landslide areas were defined as non-landslide samples. Finally, 72 landslide samples and 15,028 non-landslide samples were obtained. The state quantity of landslide occurrence was defined as 1, and the state quantity of non-occurrence was defined as 0.





4. Results and Analysis


4.1. Landslide Database


The landslide database established through artificial visual interpretation contains 414 landslides. The total landslide area was 1.42 km2, of which the smallest landslide area was 235 m2 and the largest landslide area was 49,826 m2. The number and area proportion of the landslides in different zones are presented in Table 1. The largest number of landslides had areas of 0–2000 m2, accounting for 47.6% (197) of the total number of landslides. Those with areas of 2000–5000 m2 accounted for 31.7% of the total landslide area, i.e., 0.45 km2. This indicates that the landslides induced by the typhoon rainstorm were mostly small.




4.2. Analysis of Factors Influencing the Landslides


Based on previous studies [24,25,26] and the actual situation of these typhoon rainstorm-induced landslides, nine influencing factors were selected for the landslide analysis: elevation, slope, aspect, strata, distance to faults, distance to rivers, distance to roads, NDVI, and rainfall (Figure 5). All factor layers were transformed into 30 m × 30 m grid layers, and the landslide surface was converted into a point. The landslide point was extracted into each factor layer. The relationships between the landslide and each factor are shown in Figure 6. To intuitively analyze the relationships between the spatial distribution of the landslides and the influencing factors, the influencing factors were reclassified (Table 2) [24,25,26]. The slope direction and strata were classified as classification factors, and the other factors were classified as continuous factors.



The classified area and its relationship with LND and LAP are shown in Figure 6. As can be seen in Figure 6, the largest proportion of landslides occurred in the elevation range of 750–1000 m; when the elevation was greater than 250 m, the number of landslides decreased (Figure 6a). In the slope range of 30–40°, the distribution of landslides was more concentrated, and when the slope was greater than 50° or less than 10°, almost no landslides occurred (Figure 6b). The occurrence probability of landslides was the largest in the southeast slope direction (Figure 6c). The landslides were concentrated at distances of 7500–12,500 m from the roads (Figure 6d). The occurrence probability of landslides was the highest in the Sinian strata, and almost no landslides occurred in the Cretaceous, Quaternary, Permian, Devonian, Carboniferous, and granite porphyry strata (Figure 6e). The probability of landslide occurrence was the largest for distances to rivers of 6000–9000 m (Figure 6f). Most of the landslides were concentrated at distances of 3000–4000 m from the faults (Figure 6g). The landslide distribution was concentrated in the NDVI range of 0.8–0.98 (Figure 6h). The landslide distribution was most concentrated in the rainfall range of 300–350 mm (Figure 6i).




4.3. Calculation of Landslide Probability


The landslide samples and non-landslide samples were extracted into each factor layer and substituted into the SPSS software to calculate the regression coefficient of each factor. Finally, an absolute probability index graph was obtained through superposition of each factor layer. By importing the nine factors into the SPSS software for logistic regression analysis and by classifying the factors for classification covariable processing, the regression coefficient of the first range was set to zero. If the regression coefficients of the other ranges are positive, it is more conducive to the occurrence of landslides than the first range. For the continuous factors, if the weight value is positive, the probability of landslide occurrence is positively correlated with the factor, and if the weight value is negative, the probability of landslide occurrence is negatively correlated with the factor. The weights of each continuous variable and the regression coefficients of the different intervals for the classification variables were obtained. The results are presented in Table 3.



It can be seen in Table 3 that the weights of elevation, slope, rainfall, distance to faults, distance to rivers, and distance to roads are positive, so they are positively correlated with the occurrence of landslides. The NDVI weight is negative, so it is negatively correlated with the occurrence of landslides. The weight values of the strata and slope greatly differ in each interval of the classification because there are no landslides in some of the classification ranges; there are many landslides in other classification ranges, and different categories have large differences for rainfall-induced landslides. Based on the logistic regression model, each layer was superimposed in ArcGIS to obtain a landslide occurrence probability model and the accuracy of the model was verified using the receiver operating characteristic (ROC) curve. The area under the curve (AUC) refers to the area under the ROC curve. When the AUC is greater than 0.7, the model has a high accuracy [15,23]. The research results are shown in Figure 7. It can be seen in Figure 7 that the AUC = 0.886, indicating that the accuracy of the model is very high and the results are reliable.




4.4. Probability of Landslides under Different Rainfall Conditions


Based on the constructed model, the real probabilities of landslide occurrence in the study area under five different rainfall conditions of 175–200 mm, 200–250 mm, 250–300 mm, 300–350 mm, and 350–402 mm were predicted to be 0.001%, 0.01%, 0.1%, and 1%, which are discontinuous values that divide the study area into five grades (Figure 8). The prediction results can be used to quickly assess the risk of landslide occurrence in the region according to the real rainfall, and they provide a reference for subsequent disaster prevention and mitigation and post-disaster reconstruction. Under different rainfall conditions, the areas with different probabilities of landslide occurrence in the study area are shown in Figure 9. It can be seen in Figure 9 that as the rainfall increases, the areas with a high probability of landslide occurrence become larger, and the areas with a low probability of landslide occurrence become smaller. This demonstrates that rainfall is positively correlated with the occurrence of landslides and landslides are more likely to occur under higher rainfall.





5. Discussion


5.1. Landslide Interpretation


In this study, a complete database of shallow landslides in Ningguo City caused by Typhoon Lekima was obtained using visual interpretation of remote sensing images. Then, the Bayesian probability method was combined with a logistic regression model to establish a landslide probability map for the study area. The rationality test using ROC curve shows that the accuracy of the prediction model is very high and the results are reliable. Based on the above results, the real probabilities of landslide occurrence in the study area under five different rainfall conditions of 175–200 mm, 200–250 mm, 250–300 mm, 300–350 mm, and 350–402 mm were predicted.



In recent years, with the popularization of high-precision images and the development of remote sensing technology, new progress has been made in the interpretation and research of landslides caused by extreme rainfall. For example: from 19 to 20 October 2004, Shikoku experienced extreme events of Typhoon Tokage rainfall and 201 small-scale slides in the Moriyuki catchment and 142 in the Monnyu catchment were noticed [27]; from 14 to 16 July 2006, Typhoon Bilis swept over Southern China and, in analyzing the pre- and post-event images of QuickBird and CBERS, a total of 2407 landslide sites in the area around the Dongjiang Reservoir in Hunan Province were inventoried [28]; on 16 October 2013, Typhoon Wipha struck the Izuo-Oshima Volcanic Island, causing torrential rainfall there in a short time, and 44 landslides based on aerial images were interpreted [17]. In this study, satellite images were acquired before and after the rainfall and identified 414 shallow landslides in Ningguo City. Compared with other rainfall landslide sites, Ningguo City is a mountainous and hilly area in southeastern Anhui with complex topography and landforms. Heavy rains have caused floods and triggered massive landslides. In addition, the local lack of adequate defense measures and lack of rescue experience are important reasons for the severe disaster.




5.2. Research on Real Probability Based on the Bayesian Method


Due to the influence of the sampling ratio, the landslide probability obtained using a logistic regression model deviates greatly from the actual landslide probability. In the past, the ratio of landslide sample to non-landslide sample was 1:1 [15,29] and the results obtained by this sampling method are often much larger than the actual landslide probability. In this study, the Bayesian probability method was combined with a logistic regression model. The sample points were selected to be uniformly distributed throughout the entire study area. The size of the study area was 3002.3 km2, and the total landslide area was 1.42 km2. A total of 150,100 points were selected. The obtained random points within a landslide area were defined as landslide samples, and those within non-landslide areas were defined as non-landslide samples. Finally, 72 landslide samples and 15,028 non-landslide samples were obtained.



Based on the Bayesian method, the predicted landslide area    A P    using the logistic regression model is:


   A P  =   ∑   i = 1  m    ∑   j = 1  n   P  i , j   A  



(1)




where    P  i , j     is the landslide probability of row i and column j of the grid,  m  is the number of rows,  n  is the number of columns, and  A  is the area of the unit grid (900 m2).



According to the results, the predicted landslide area    A P    is 1.45 km2.



The relative difference between the predicted landslide area    A P    and the actual landslide area    A a    (1.42 km2) is expressed as:


  D i f f e r e n t =  |     A p  −  A a       A a    × 100 %  |   



(2)







The relative difference between the predicted landslide area and the actual landslide area is 2.1%, the error is small, the predicted landslide area is close to the actual landslide area, and the prediction result is reliable.



The landslide prediction probability is not only affected by the sampling ratio, but also by various aspects such as grid resolution. The spatial distribution of predicted probability at different resolutions is different [29]. Ways to improve the accuracy of landslide prediction should be further discussed in future research.





6. Conclusions


Based on the landslides in Ningguo City induced by Typhoon Lekima, in this study, 414 landslides were identified via artificial visual interpretation and a rainfall landslide database was established. To analyze the relationships between the factors and the landslide distribution, nine influencing factors were selected: elevation, slope, aspect, distance to faults, strata, distance to rivers, distance to roads, NDVI, and rainfall. The Bayesian probability method and a logistic regression model were used to establish a landslide occurrence probability model for the study area and to predict the probabilities of landslide occurrence under five different rainfall conditions, i.e., 175–200 mm, 200–250 mm, 250–300 mm, 300–350 mm, and 350–402 mm. The results show that elevation, slope, rainfall, distance to faults, distance to rivers, and distance to roads positively correlate with the occurrence of rainfall-induced landslides, and the NDVI negatively correlates with the occurrence of rainfall-induced landslides.



Landslides were caused by Typhoon Lekima’s rainstorm, and many geological disasters were induced by the typhoon’s landfall. Ningguo City was only one of the areas that experienced serious geological disasters. If images of the entire typhoon transit area were collected and a large-scale landslide interpretation was performed, a complete database of landslides caused by Typhoon Lekima’s rainstorm in the southeast coastal area could be constructed; in addition, similar analysis and landslide prediction could be conducted, which would be of great significance to the disaster prevention and reduction of typhoon rainstorm-induced landslides in the southeast coastal area. This work will be carried out in a future study.
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Figure 1. Location of the study area. 
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Figure 2. Topography and geomorphology. F1: Zhufengpu fault; F2: Zhangcun fault; F3: Xiyusucun-Pawandian fault; F4: Longzhishan thrust; F5: Jixi-Houkengwu thrust; F6: Jikengkou-Hulesi thrust; F7: Tangjiawan fault; F8: Taohuayuan fault. 
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Figure 3. Average rainfall in Ningguo City from 1989 to 2018. 






Figure 3. Average rainfall in Ningguo City from 1989 to 2018.



[image: Forests 13 00732 g003]







[image: Forests 13 00732 g004 550] 





Figure 4. Typical landslide examples. (a) Image acquired before the landslides occurred and (b) image acquired after the landslides occurred. 
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Figure 5. Influencing factor layers. (a) Elevation; (b) Slope; (c) Aspect; (d) Distance to faults; (e) Strata; (f) Distance to rivers; (g) Distance to roads; (h) NDVI; (i) 3 days rainfall. 
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Figure 6. Relationships between landslide distribution and influencing factors. CA: classification area; LND: landslide number density; LAP: landslide area percentage. (a) Elevation; (b) Slope; (c) Aspect; (d) Distance to faults; (e) Strata; (f) Distance to rivers; (g) Distance to roads; (h) NDVI; (i) 3 days rainfall. 
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Figure 7. Landslide occurrence probability model. (a) Landslide occurrence probability distribution and (b) ROC curve of the model. 
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Figure 8. Landslide probability distribution map for different amounts of 3 days of rainfall: (a) 175–200 mm; (b) 200–250 mm; (c) 250–300 mm; (d) 300–350 mm; (e) 350–402 mm. 
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Figure 9. Areas of different probabilities. 
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Table 1. Number of landslides and proportion of landslide area.
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	Landslide Area Zones (m2)
	0–2000
	2000–5000
	5000–10,000
	10,000–20,000
	20,000–50,000





	Number of landslides
	197
	149
	50
	11
	7



	Proportion of landslides (%)
	47.6
	36
	12.1
	2.6
	1.7



	Landslide area (km2)
	0.25
	0.45
	0.34
	0.14
	0.24



	Proportion of landslide area (%)
	17.6
	31.7
	23.9
	9.9
	16.9
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Table 2. Classification of influencing factors.
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	Influencing Factors
	Classification Standard
	Type





	Elevation (m)
	1. 12–250; 2. 250–500; 3. 500–750; 4. 750–1000; 5. 1000–1250; 6. 1250–1444
	Continuous



	Slope (°)
	1. 0–10; 2. 10–20; 3. 20–30; 4. 30–40; 5. 40–50; 6. 50–80
	Continuous



	Aspect
	1. N (0–22.5, 337.5–360); 2. NE (22.5–67.5); 3. E (67.5–112.5); 4.SE (112.5–157.5); 5. S (157.5–202.5); 6. SW (202.5–247.5); 7. W (247.5–292.5); 8. NW (292.5–337.5); 9. Flat (−1)
	Classification



	Distance to faults (m)
	1. 0–1000; 2. 1000–2000; 3. 2000–3000; 4. 3000–4000; 5. 4000–5000; 6. 5000–10,000
	Continuous



	Strata
	1. unknown strata; 2. Ordovician (O); 3. Cambrian (∈); 4. Triassic (T); 5. Sinian (Z); 6. Silurian (S); 7. Jurassic (J); 8. Cretaceous (K); 9. Quaternary (Qp); 10. Permian (P); 11. Devonian (D); 12. Carboniferous (C); 13. granite porphyry (γπ)
	Classification



	Distance to rivers (m)
	1. 0–1500; 2. 1500–3000; 3. 3000–4500; 4. 4500–6000; 5. 6000–7500; 6. 7500–9000; 7. 9000–31,000
	Continuous



	Distance to roads (m)
	1. 0–2500; 2. 2500–5000; 3. 5000–7500; 4. 7500–10,000; 5. 10,000–12,500; 6. 12,500–15,000; 7. 15,000–36,000
	Continuous



	NDVI
	1. 0.35–0.5; 2. 0.5–0.6; 3. 0.6–0.7; 4. 0.7–0.8; 5. 0.8–0.9; 6. 0.9–0.98
	Continuous



	3 days rainfall (mm)
	1. 175–200; 2. 200–250; 3. 250–300; 4. 300–350; 5. 350–402
	Continuous
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Table 3. Weights of each factor.
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Factors

	
Type

	
Classification

	
Weights






	
Elevation

	
Continuous

	

	
0.166




	
Slope

	
Continuous

	

	
0.195




	
Rainfall

	
Continuous

	

	
0.211




	
NDVI

	
Continuous

	

	
−0.274




	
Distance to faults

	
Continuous

	

	
0.134




	
Distance to rivers

	
Continuous

	

	
0.05




	
Distance to roads

	
Continuous

	

	
0.486




	
Aspect

	
Classification

	
1

	
0




	
2

	
0.931




	
3

	
1.004




	
4

	
1.402




	
5

	
1.014




	
6

	
1.201




	
7

	
0.926




	
8

	
0.186




	
9

	
−11.167




	
Strata

	
Classification

	
1

	
0




	
2

	
−13.156




	
3

	
−0.141




	
4

	
−0.232




	
5

	
1.448




	
6

	
−2.043




	
7

	
0.41




	
8

	
−13.589




	
9

	
−13.821




	
10

	
−14.688




	
11

	
−14.631




	
12

	
−14.861




	
13

	
−14.328
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