

  water-12-02079




water-12-02079







Water 2020, 12(8), 2079; doi:10.3390/w12082079




Article



Spatial Predictions of Debris Flow Susceptibility Mapping Using Convolutional Neural Networks in Jilin Province, China



Yang Chen, Shengwu Qin *[image: Orcid], Shuangshuang Qiao, Qiang Dou, Wenchao Che, Gang Su, Jingyu Yao and Uzodigwe Emmanuel Nnanwuba





College of Construction Engineering, Jilin University, Changchun 130026, China









*



Correspondence: qinsw@jlu.edu.cn







Received: 18 June 2020 / Accepted: 20 July 2020 / Published: 22 July 2020



Abstract

:

Debris flows are a major geological disaster that can seriously threaten human life and physical infrastructures. The main contribution of this paper is the establishment of two–dimensional convolutional neural networks (2D–CNN) models by using SAME padding (S–CNN) and VALID padding (V–CNN) and comparing them with support vector machine (SVM) and artificial neural network (ANN) models, respectively, to predict the spatial probability of debris flows in Jilin Province, China. First, the dataset is randomly divided into a training set (70%) and a validation set (30%), and thirteen influencing factors are selected to build the models. Then, multicollinearity analysis and gain ratio methods are used to quantify the predictive ability of factors. Finally, the area under the receiver operatic characteristic curve (AUC) and statistical methods are utilized to measure the accuracy of the models. The results show that the S–CNN model gets the highest AUC value of 0.901 in the validation set, followed by the SVM model, the V–CNN model, and the ANN model. Three statistical methods also show that the S–CNN model produces minimum errors compared with other models. The S–CNN model is hailed as an important means to improve the accuracy of debris–flow susceptibility mapping and provides a reasonable scientific basis for critical decisions.
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1. Introduction


Debris flows are defined as large–scale movements of a mixture of soil, rock, and water from the top to the bottom of the mountains. Debris flows cause numerous casualties and a great amount of property damage each year [1,2]. In the past few decades, the formation and movement mechanism of debris flows have been the focus of research on geological disasters [3,4]. The occurrence of a debris flow is sudden and destructive and is usually affected by factors such as earthquakes, heavy rainfall, and human activities. Therefore, it is difficult to accurately predict the spatial distribution of debris flows and areas of susceptibility [5].



Debris flow susceptibility refers to the probability of debris flow occurring in a given area [6]. For the sake of decreasing the hazards caused by debris flows, debris flow susceptibility mapping (DFSM) is a direct and effective method, which is a basic means to discover relationships between debris flows and influencing factors and identify potential debris flow areas. The combined action of many influencing factors leads to the occurrence of a debris flow. Therefore, using these influencing factors to predict the debris flow susceptibility spatial distribution is essential in preventing and decreasing a debris flow’s damages. At present, various methods are being utilized to produce debris flow susceptibility maps [7,8]. These methods can be divided into three categories: qualitative methods, traditional statistical methods, and machine learning (ML) methods. Qualitative methods mainly include the analytic hierarchy process (AHP) [9,10,11], fuzzy logic method [12,13,14], etc. These kinds of methods mainly rely on the experience of experts, and the evaluation results have strong subjectivity. Traditional statistical methods mainly include the weight of evidence [15], frequency ratio [16], statistical index (SI) [17], and so on. These methods are not sufficient for data mining [18,19]. Therefore, more effective methods are urgently needed to improve the quality of debris–flow susceptibility maps.



With the rapid development of artificial intelligence in recent years, ML methods have been widely employed in regional debris flows prediction, including support vector machine (SVM) [20,21,22], Naïve Bayes (NB) [23], artificial neural network (ANN) [24,25], random forest (RF) [26,27], boosted regression tree(BRT) [28], logistic regression(LR) [29], etc. Compared with traditional statistical methods, ML methods are more suitable for finding the data relationships between debris flows and influencing factors [18]. But with the deepening of the research, we can find that traditional ML methods directly classify the debris flow data and ignore the relationships existing in the data, which ultimately fails to further improve the classification accuracy [30]. Therefore, using traditional ML methods to evaluate debris flows does not satisfy the needs in Jilin Province, China, where debris flows cause many casualties and high economic losses every year, especially during the rainy season [31,32].



To settle this problem, deep learning (DL), as an important branch of ML methods, has been supported and embraced by scholars as soon as it emerged because it can complete the target problems better than traditional ML methods [33]. DL algorithms mainly include convolutional neural network (CNN), recurrent neural network (RNN), generative adversarial network (GAN), etc. Among these, CNN is one of the most popular DL algorithms and has been gradually applied to DFSM [34,35]. Compared with traditional ML algorithms, the CNN structure adds the convolution layers and subsampling layers. Hence, CNN has fewer parameters and allows easier mining of the latent relationships that are hidden in the data. Specifically, it has outstanding ability in image classification because of its use of the convolution layers and subsampling layers, which can effectively extract the latent features of an image [36,37]. Moreover, there are two data processing methods applied when performing convolution and subsampling operations: SAME padding and VALID padding. SAME padding could ensure the integrity of the data when processing the data. However, VALID padding would discard data at the edge of the matrix for a quick calculation, resulting in an imbalanced use of the edge data and the central data. Wang et al. [30] used VALID padding to process debris flow data and generated a highly accurate debris flow susceptibility map. In this paper, the S–CNN and V–CNN models are established by using SAME padding and VALID padding to research the spatial distribution of debris–flow susceptibility in Jilin Province, China.



The purpose of this study is to provide a CNN framework for regional debris flow susceptibility evaluation in Jilin Province, China. The two primary contributions of this paper can be summarized as follows. First, we are attempting to select a CNN model with more predictive ability to provide valuable information for further research. Second, a comparison of the S–CNN, SVM, V–CNN, and ANN models is proposed for the spatial prediction of debris–flow susceptibility. To measure the model’s accuracy, the receiver operatic characteristic (ROC) curve, the accuracy (ACC), F–measure, and the mean absolute error (MAE) are utilized for comparison. More importantly, it is hoped that the research from this paper can provide a more solid decision basis for policymakers to reduce the harm caused by debris flow.




2. Study Area


Jilin Province is located in the part of northeast China, extending between 40°50′ N and 46°19′ N latitude and 121°38′ E and 131°19′ E longitude with an area of 187,400 km2, as shown in Figure 1.



The study area has a temperate continental monsoon climate. The average temperature in winter is below −11 °C. The annual temperature difference is 35 °C to 42 °C, and the daily temperature difference is generally 10 °C to 14 °C. The average annual precipitation is 400 mm to 600 mm, but the seasonal and regional differences are large and the eastern part has the most abundant rainfall. There are many lakes in Jilin Province, and the western plains are mostly natural lakes, such as the Moon Bubble; the eastern mountainous areas are mainly artificial lakes and volcanic lakes, such as the Triangle Dragon Bay.



The geomorphologic difference in Jilin Province is obvious. The terrain is inclined from the southeast to the northwest, showing obvious characteristics of southeast high elevation and northwest low elevation. With the central Big Black Mountain as the boundary, the landforms can be divided into the eastern mountains, the central, and the western plains. The geomorphology includes weathered, eroded, and denuded volcanic landforms with alluvial fans and fluvial river systems. In Jilin Province, the main geology and lithology are shown in Table 1.



All in all, the geological environmental conditions are exceedingly complex, so many influencing factors can cause debris flows to occur in Jilin Province. During the rainy season, debris flows occur more frequently, causing high economic losses every year. Therefore, policymakers urgently need more accurate and reliable debris flow susceptibility maps to provide more reasonable preventive measures for the local area.




3. Materials and Methods


In this paper, the following four steps were used to complete the spatial prediction of debris–flow susceptibility in the study area. (1) Data preparation and selection of influencing factors. (2) Influencing factors analysis using Multicollinearity analysis, the frequency ratio (FR) method, and gain ratio (GR) method. (3) Establishment of models based on S–CNN, SVM, V–CNN, and ANN algorithms. (4) Models evaluations by using multiple evaluation indicators including the ROC curve, ACC, F–measure, and MAE. A flowchart is shown in Figure 2.



3.1. Data Preparation


The quality of a debris flow inventory map is vital and ultimately affects the evaluation results of the study area [38,39]. Therefore, a quality–assured data source will help to uncover potential relationships between the occurrence of debris flows and influencing factors. In this paper, a debris flow inventory map has been prepared from different sources, including field investigation, remote sensing interpretation, and official data. 868 debris flow locations and 868 non–debris flow locations were randomly selected in the debris flow and non–debris flow areas. The dataset was randomly split into a training set (70%) to train the models and a validation set (30%) to check the accuracy of the models, in which debris flow and non–debris flow locations were equally balanced. Figure 1 shows the specific location distribution of debris flow in Jilin Province, China.



In ML algorithms, data can be read directly in text or table format. However, input data needs to be converted to matrices to feed to CNN. In this paper, thirteen influencing factors were used, so each grid cell had thirteen corresponding values. In a binary classification problem, 0 is usually used to represent non–debris flow location and 1 is used to represent debris flow location. Then some grid cells’ influencing factors values are shown in Figure 3.



In this paper, 2D–CNN was utilized to build the models. The conversion process of 1D to 2D is shown in Figure 4. Finally, the CNN data preparation was implemented by using a python–based graphical user interface (GUI).




3.2. Influencing Factors


Selecting high quality influencing factors is a crucial step in producing debris flow susceptibility maps because irrelevant factors or noise factors can damage the quality of the models and thus reduce the quality of DFSM. Unfortunately, there is not presently an accepted benchmark for the selection of debris flow influencing factors. Therefore, based on previous researches and experts experience [40], a total of thirteen influencing factors were selected, including elevation, slope, aspect, plan curvature, profile curvature, topographic wetness index (TWI), distance to roads, distance to rivers, lithology, population density, annual rainfall, topography, and vegetation coverage. The digital elevation model (DEM) was downloaded from Google Maps with a spatial resolution of 100 m. To improve the quality of DFSM, grid cells were used in this paper which are recognized by the majority of researchers. The database for influencing factors is shown in Table 2.



Elevation is a critical and widely used factor for DFSM [41,42,43]. Debris flows are also closely correlated with rainfall, vegetation cover, geologic bedrock, soil composition, and river discharge which vary at different altitudes. The altitude of Changbai Mountain is 800–1500 m which is located in the southeast of the research area. The main peak of Changbai Mountain and its surrounding peaks are over 2000 m, and the central plain is 600–800 m. Therefore, elevation was classified into four classes: <600 m, 600–800 m, 800–1500 m, and >1500 m (Figure 5a).



Slope is also a factor frequently used in DFSM [44]. Slope affects the shear strength, and runoff of the slope is closely related to the occurrence of debris flows [45]. In the northwest plain of Jilin Province, the slope is mainly 0–5°, while in the southeast mountainous area, the slope is usually 10°, with a few areas exceeding 20°. In this paper, slope was classified into four classes: 0–5°, 5–10°, 10–20°, and >20° (Figure 5b).



Aspect refers to the downslope direction. Aspect is affected by rainfall, duration of sunshine, wind direction, and weathering such as frost action [46,47]. These factors all play key roles in the occurrence of debris flows. Aspect was classified into nine classes: flat, north, northeast, east, southeast, south, southwest, west, and northwest (Figure 5c).



Plan curvature delineates the morphology of the topography and represents the ability of water divergence or convergence to affect the occurrence of debris flows [48,49]. Plan curvature was divided into three classes: concave, flat, and convex (Figure 5d).



Profile curvature reflects the rate at which the aspect changes and affects the size of the catchment area, which is closely related to debris flow scales [50]. Profile curvature was classified into five classes by natural breaks method: <−0.31, −0.31–−0.10, −0.10–0.06, 0.06–0.28, and 0.28–2.10 (Figure 5e).



TWI is also a significant factor for DFSM [51]. The higher the TWI value, the easier it is for soil moisture to reach saturation, and the probability of debris flow occurring is increased. Most debris flows in Jilin Province occurred in areas with TWI less than 5. For the sake of a comprehensive analysis, TWI was classified into five classes using an interval of 2: <5, 5–7, 7–9, 9–11, and >11 (Figure 5f).



Distance to roads refers to the distance from the debris flow locations to a road. In general, the closer a debris flow location is to a road, the more lives and property of pedestrians are threatened. Additionally, debris flows are more likely to occur on slopes that are close to the roads because of human interference and so this is also a very important factor. Considering the reasonableness of the buffer distance in the study area, distance to roads was classified into six classes at 1000 m intervals: <1000 m, 1000–2000 m, 2000–3000 m, 3000–4000 m, 4000–5000 m, and >5000 m (Figure 5g).



Distance to the rivers can affect the hydrologic index of the slope and thus the slope stability. Slopes are more prone to debris flows which are closer to rivers because the distance describes the erosion power of streams [52]. Considering the influence of rivers on slope stability, distance to rivers was classified into six classes with intervals of 500 m: <500 m, 500–1000 m, 1000–1500 m, 1500–2000 m, 2000–2500 m, and >2500 m (Figure 5h).



Bedrock is a key factor with respect to the degree of weathering, mineral composition rock type, the orientation of discontinuities such as bedding, fractures, foliations with respect to slope direction (aspect). Rocks with phyllosilicate minerals are particularly prone to mass wasting such as claystones, shales, mudstones, tuffs, pyroclastic rocks, slate, and phyllite. Rocks with discontinuities inclined in the same direction as topographic slope are highly prone to mass wasting. The research area encompasses 370 lithostratigraphic units. Segoni et al. [53] have proposed several classification methods in complex geological settings. In the paper, we attached great importance to the anti–weathering ability of rocks. Debris flows are more likely to occur where the lithology is easily weathered, which is because the weathering crust is easily eroded under the action of external forces. For example, the slope composed of loose rock and soil will lead to debris flows with unpredictable consequences [54,55]. According to the anti–weathering ability of rocks, the lithology was classified into four classes: group 1 (granite, basalt, carbonate rock, gneiss, etc.), group 2 (glutenite, slate, phyllite, schist, etc.), group 3 (claystones, pyroclastic rock, etc.), and group 4 (soil) (Figure 5i).



Population density is a key factor for debris flow occurring. Human engineering activities can change the shape of slopes, vegetation cover, etc., which could provide sufficient conditions for debris flows [56]. According to the number of people per square kilometers, the population density was classified into four classes: very low (0–10), low (10–100), moderate (100–500), and high (>500) (Figure 5j).



It is well known that most debris flows occur during the rainy season [57]. Because the continuous heavy rainfall increases the runoff and seepage flow, the possibility of debris flow occurring is greatly increased. According to the annual rainfall distribution in the study area, annual rainfall was classified into four classes: 0–600 mm, 600–800 mm, 800–1000 mm, and >1000 mm (Figure 5k).



Topography affects the size, formation, and movement of debris flows [58]. Based on existing studies and topography in Jilin Province, topography was classified into four classes: plain, valley, hills, and mountains (Figure 5l).



The level of vegetation coverage represents the growth status of vegetation in an area. Generally, the better the vegetation growth, the less prone an area is to debris flow. In Jilin Province, vegetation coverage of northwestern plain is less than 20%, while that of Changbai Mountain is more than 80%. The vegetation coverage in the central region is mainly 20% to 50%. Therefore, vegetation coverage was classified into four classes: low (<20%), moderate (20–50%), high (50–80%), and very high (>80%) (Figure 5m).




3.3. Evaluation of Influencing Factors


In the paper, thirteen influencing factors were selected through reference to previous research literature and expert experiences. Specifically, multicollinearity analysis was used to detect the collinearity between factors, and the FR method was utilized to ascertain the spatial relationship between each influencing factor and debris flows [59,60]. In addition, we used the GR method to quantify the predictive ability of the factors and exclude irrelevant factors.



3.3.1. Multicollinearity Analysis


Collinearity means that the influencing factors are not independent of each other, a situation that can damage a model’s quality [61]. Therefore, to improve the quality of DFSM, strong collinear factors must be discarded. Then tolerance and variance inflation factor (VIF) methods were used in the paper to quantify the collinearity between the factors. When the tolerance value is less than 0.1 or the VIF value is greater than 10, we assume that the collinearity of the factor satisfies the requirements. The formulas for calculating tolerance and VIF are as follows [62]:


  T o l e r a n c e = 1 −  R j 2   



(1)






  V I F =  [   1  T o l e r a n c e    ]   



(2)




where is the coefficient of determination for the regression of the explanatory variable j on all the other explanatory variables.




3.3.2. Frequency Ratio Method


FR method is a geospatial assessment tool that can quantify the relationship between the influencing factors and debris flows [63]. This method uses the number of pixels dominating a particular area of a region and the number of pixels affected by a debris flow. In general, the slide ratio and the class ratio were utilized to calculate the FR value. In the relationship analysis, 1 is deemed to be the average value. When the FR value is greater than 1, it represents a higher connection between influencing factors and a debris flow. The formulas for calculating the FR value are as follows:


  F R   v a l u e =   S l i d e   r a t i o   C l a s s   r a t i o    



(3)






  S l i d e   r a t i o =   N u m b e r   o f   d e b r i s   f l o w   p i x e l s   i n   a   p a r t i c u l a r   c l a s s   T o t a l   n u m b e r   o f   d e b r i s   f l o w   p i x e l s    



(4)






  C l a s s   r a t i o =   N u m b e r   o f p i x e l s   i n   a   p a r t i c u l a r   c l a s s   T o t a l   n u m b e r   o f p i x e l s    



(5)








3.3.3. Gain Ratio Method


In the study area, the predictive ability of influencing factors is not the same. Some influencing factors may cause errors in the models and reduce the quality of debris–flow susceptibility maps. Therefore, it is necessary to evaluate the importance of influencing factors. In this study, the GR method was introduced to measure the predictive ability of influencing factors [64]. The average merit (AM) derived from the GR method uncovers the importance of influencing factors and debris flows occurrence. The formulas for calculating AM value of influencing factor A are as follows:


  G R ( S , A ) =   I n f o ( S ) − I n f o ( S , A )   S p l i t I n f o ( S , A )    



(6)






  I n f o ( S ) = −   ∑  i = 1  2    p i    log  2  (  p i  )    



(7)






  I n f o ( S , A ) = −   ∑  i = 1  m    p i  I n f o ( S )    



(8)




where    S i    is the training set and    p i    is the probability that a sample belongs to    D i    (debris flow, non–debris flow).



The amount of information that needs to split  S  into m parts and the formulas for   S p l i t I n f o  (  S , A  )    is as follows:


  S p l i t I n f o ( S , A ) = −   ∑  i = 1  m      S i   S      log  2     S i   S   



(9)









3.4. V–CNN


In the paper, the LetNet–5 structure was used which was the first proposed structure in the CNN algorithm [65]. The LetNet–5 structure (Figure 6) contains an input layer, two convolution layers, two subsampling layers, two full connection layers, and an output layer. The V–CNN based on the LetNet–5 structure was used in this research. Additionally, the backpropagation (BP) algorithm was utilized to modify the model parameters and increase model robustness. The V–CNN structure is shown in Figure 7.



As we can see from the V–CNN structure, the input matrices become smaller after passing through the first convolution layer. VALID padding is used in this convolution manipulation, as shown in Figure 8. In this process, the sixteen convolution kernels with a size of 3 × 3 move across the matrices and perform the convolution calculation. Sixteen feature maps are obtained after the convolution manipulation and are fed into the first subsampling layer. Similarly, VALID padding is also used in the subsampling layer. The specific process used in the subsampling layer is shown in Figure 9. The max pooling manipulation takes the maximum value in a 2 × 2 region as the output. Because the subsampling kernels move two strides at a time, some data are directly discarded. After the matrices perform the first subsampling manipulation, sixteen feature maps with a size of 5 × 5 are produced.



Thirty–two convolution kernels with a size of 3 × 3 are utilized to perform the convolution manipulation. The matrices become smaller with a size of 3 × 3. After the second subsampling manipulation, the size of the matrices reduces to 1 × 1. Finally, the feature vectors are fed into the two full connection layers and the probability of debris flow occurring are determined by using the softmax classifier. To facilitate the adjustment of parameters and the establishment of the V–CNN model, a GUI based on python is used.



The V–CNN model is widely used for object recognition. During the convolution operation, the image edge information has limited use for object recognition. In other words, the image edge information is rarely used but the intermediate information is used many times, which results in an unbalanced use of information. During the subsampling operation, the V–CNN model discards the edge information, which has a limited impact on the main recognition process for the image. In this way, irrelevant data can be quickly discarded for the recognition of the photos to improve the recognition efficiency. It is important to note that if the size of the feature images is even, the subsampling operation will not discard the edge data but will still weaken the edge information of the image during the convolution operation. There is no doubt that the V–CNN model has the advantages of reduced computation time and rapid recognitions for objects. However, the purpose of this paper is not to identify objects but to search for the deep data relationships between debris flow data and the occurrence of debris flows. Therefore, it is not adequate to use VALID padding to process the data because debris flow data is too important to be discarded.




3.5. S–CNN


Compared to VALID padding, SAME padding approach is used for the first time in DFSM. The S–CNN model based on the SAME padding is proposed for use in this study, as shown in Figure 10.



As we can see from the S–CNN structure, after the input matrices pass through the first convolution layer, the matrix size does not change. The SAME padding approach is used in this convolution manipulation as shown in Figure 11. In the process of convolution manipulation, zeros are filled around the input matrices. For example, the input matrices are a size of p × p and the convolution kernel is a size of n × n. By using SAME padding, the matrices with a size of (p + n − 1) × (p + n − 1) are processed with convolution manipulation. Then, the feature maps with a size of p × p are created, which means that the size of the matrices before and after the convolution manipulation are the same. Next, the max pooling layer is used to perform the subsampling manipulation and zeros are filled around the feature maps as shown in Figure 12. It is obvious that no data were discarded by using SAME padding. After the second subsampling layer, the size of the matrices becomes 4 × 4 which means that more feature vectors are obtained. At last, by using two full connection layers and the softmax classifier, the probability distribution of two classified objects is obtained. Similarly, the GUI is used to adjust parameters and train the S–CNN model.



The S–CNN model is more suitable for the study of debris flows because this method uses the data in a balanced way and does not discard the edge information. During the convolution operation, to increase the efficiency of the use of matrices edge information and retain all data, the S–CNN model adds a certain range of blank areas around the matrices, but these areas have no impact on our calculation results. Therefore, the matrix size remains the same before and after each convolution operation, which means that all debris flow data are used equitably and kept intact. In the subsampling operation, to use the matrices edge information, a certain range of blank areas are also added to the matrices edge. These blank areas are still not involved in the calculation, thus increasing the use efficiency of debris flow data. No matter if the matrix size is odd or even, the data are not discarded during the subsampling operation. Debris flow data is very valuable, so the benefit of using SAME padding is to fully exploit the value of each piece of data. Therefore, the S–CNN model has great advantages compared with the V–CNN model in mining the relationship between debris flow data and debris flows occurring.




3.6. Model Evaluation


Without model evaluations, this research would be meaningless [66]. As far as we know, the ROC curve is normally used to evaluate the models in classification problems. The ROC curve distinguishes the two categories by a diagnostic test based on the distribution of correct and incorrect predictions according to a 2 × 2 contingency table (Table 3) [67]. The ROC curve takes 1–Specificity (FP rate) and Sensitivity (TP rate) as the abscissa and ordinate, respectively. In this paper, the TP rate represents the proportion of disaster locations that are correctly classified as debris flows, and the FP rate represents the proportion of non–disaster locations that are wrongly classified as debris flows. Additionally, the area under the ROC curve (AUC) is an important index to measure the predictive capability of a model. In general, the closer the AUC value is to 1, the better the model.



Some mathematical–statistical methods were also utilized to measure the predictive ability of the models, such as ACC, F–measure, and MAE. The formulas for these evaluation indicators are as follows [68]:


  S e n s i t i v i t y =   T P   T P + F N    



(10)






  S p e c i f i c i t y =   T N   F P + T N    



(11)






  A C C =   T P + T N   T N + F N + T P + F P    



(12)






  F − m e a s u r e = 2 × S e n s i t i v i t y × S p e c i f i c i t y /  (  S e n s i t i v i t y + S p e c i f i c i t y  )   



(13)






  M A E =    |   p 1  −  t 1   |  +  |   p 2  −  t 2   |  + ⋯ +  |   p n  −  t n   |   n   



(14)




where TP and TN represent the proportion which were correctly classified, while FP and FN represent the proportion which were incorrectly classified and    p i    and    t i    are the predicted and true values, respectively.





4. Results and Analysis


4.1. Multicollinearity Analysis Results


The tolerance and VIF values calculated by thirteen factors are shown in Table 4. In general, a VIF value greater than 10 or a tolerance value less than 0.1 indicates that the factor had strong collinearity, and should be discarded. The results show that vegetation coverage had a minimum tolerance value of 0.476, and a maximum VIF value of 2.099. Therefore, all thirteen influencing factors meet the collinearity requirements.




4.2. The Results of FR Method


The FR values are used to represent the correlation between debris flows and influencing factors. The calculation results are shown in Table 5. In general, the results indicate that the corresponding area is more prone to debris flow occurring when the FR value is greater than 1 [69].



The results demonstrated that elevation lower than 600 m had the highest probability of debris flow occurring in Jilin Province, China. In terms of the slope, the trend of the FR values was convex. Slopes from 5° to 10° had the highest FR value (1.923). Similarly, the trend of FR values for the aspect was convex. In addition, the southeast–facing aspect had the highest FR value of 1.524. Plan curvature of the concave class (1.208) and profile curvature of between 0.06 and 0.28 class (2.634) had higher FR values than the other classes. Meanwhile, TWI had the highest FR value of 2.199 between 9 and 11 and the lowest value of 0.677 between 5 and 7.



Additionally, the results also showed that distance to roads of less than 1000 m (1.353) was prone to debris flow, which had the highest FR value compared to other classes. On the other hand, distance to rivers of between 2000 m and 2500 m (1.975) and greater than 2500 m (0.950) had the highest and lowest probability of debris flow occurring, respectively. From the lithology point of view, group 3 has the highest FR value (5.462). The results also revealed that population density and annual rainfall values ranging from 10–100/km2 (1.239) and 600–800 mm (2.314), respectively, had a higher probability of debris flow occurring. For the topography factor, the valley areas obtained the highest FR value (2.370). Compared to the four classes of vegetation coverage, we found that the moderate class (1.933) and the low class (0.172) had the highest and lowest FR values.




4.3. The Results of GR Method


The results are shown in Figure 13. The selection of influencing factors can be supported by the GR method. Factors with higher AM values are more significant to the models, whereas factors with AM values of 0 cannot contribute to debris flow susceptibility modeling and should be excluded. It was obvious that lithology had the highest AM values of 0.085, followed by distance to roads (0.083), rainfall (0.077), topography (0.065), population density (0.062), elevation (0.059), profile curvature (0.057), TWI (0.053), plan curvature (0.047), aspect (0.046), vegetation coverage (0.036), distance to rivers (0.024), and slope (0.018). Therefore, all influencing factors have sufficient predictive ability to complete the establishment of models.




4.4. Production of the Debris Flow Susceptibility Maps


In the paper, grid cells with a size of 100 m × 100 m were utilized to make the debris flow susceptibility maps. We used the LetNet–5 structure to build the S–CNN and V–CNN models by using the same training set. All codes are implemented using Python under the TensorFlow framework. TensorFlow is a Google open–source software that is widely used in DL algorithms [70,71]. The main compiler was PyCharm5.0.3, which was used for building the S–CNN and V–CNN models and doing the GUI production. The adjustment of hyperparameters was mainly carried out by using the GUI, and the final parameters were determined through a trial–and–error method and previous experts’ previous experience, as shown in Table 6.



Next, we used the training set to train the S–CNN model, and the model applied to the whole research area after the validation set reached a certain accuracy. The probability of debris flow in each grid cell was obtained. The debris flow susceptibility map was generated in an arcgis10.5 environment by using the point to raster tool. For better visualization, the debris flow susceptibility map was divided into five classes of very low, low, moderate, high, and very high by natural breaks method, as shown in Figure 14a. The area percentages of each class were 69.92% (very low), 4.11% (low), 3.92% (moderate), 5.32% (high), and 16.73% (very high). To facilitate the comparison of susceptibility maps, the same break values of the classes as the S–CNN model were used for all the maps.



The V–CNN model was applied to the study area similarly. Then the debris flow susceptibility map using the V–CNN model was produced, as shown in Figure 14b. And the area percentages of each class were 73.36% (very low), 2.15% (low), 2.01% (moderate), 3.66% (high), and 18.82% (very high).



In the SVM model, the radial basis function (RBF) kernel was applied [72,73,74]. The penalty coefficient C and kernel width γ were used after the trial–and–error method. In the optimization function, the penalty coefficient C mainly balanced the relationship between the complexity of the model and the misclassification rate, which can be understood as the regularization coefficient and kernel width γ mainly defined the influence of a single sample on the entire classification hyperplane [73]. Finally, the optimized C and γ were determined to be 1, and 0.1, respectively. The model building process and the production of debris–flow susceptibility maps were mainly implemented in an IBM SPSS Modeler18.0 and arcgis10.5 environment. Similarly, the debris flow susceptibility map was also reclassified into five classes of very low, low, moderate, high, and very high, as shown in Figure 14c. The results showed that the very low class had the largest percentage of 68.42%, followed by very high (14.46%), low (6.55%), high (5.65%), and moderate (4.92%).



In this paper, the multilayer perceptron with two hidden layers was used to build the ANN model [75,76,77]. To ascertain whether the convolutional layers and subsampling layers can mine more information from the data, the two hidden layers used the same number of neurons as the full connection layers. Meanwhile, the logistic sigmoid was utilized to determine the probability of a debris flow occurring. Then the ANN model was constructed using the training set in an IBM SPSS Modeler18.0 environment. Similarly, the debris flow susceptibility map was produced in an arcgis10.5 environment. In the same way, the debris flow susceptibility map was reclassified into five classes as very low, low, moderate, high, and very high, as shown in Figure 14d. The results showed that the very low class had the largest percentage of 72.35%, followed by very high (12.64%), high (9.26%), moderate (3.12%), and low (2.63%).




4.5. Model Validation


The results of the ROC curves and AUC values of the four models using the training set and validation set are shown in Figure 15 and Figure 16. It was obvious that the S–CNN model had the highest AUC value of 0.946 in the training set, followed by the SVM model (0.935), the V–CNN model (0.910), and the ANN model (0.903). In addition, the validation set showed that the S–CNN model had the highest AUC value of 0.901, followed by the SVM model (0.858), the V–CNN model (0.852) and the ANN model (0.815) which meant that the S–CNN model had the best predictive ability over the other three models.



Additionally, three other statistical methods, ACC, F–measure, and MAE, were also used to compare the model’s accuracy using the validation set. The results were shown in Figure 17. It was obvious that the S–CNN model had the highest ACC value (0.811), the highest F–measure value (1.204), and the lowest MAE value (0.189), which meant that the S–CNN model was better than the other three models. The comparison results of the statistical methods and ROC curves were consistent, which proved that the S–CNN model can effectively improve the spatial prediction accuracy of DFSM.



Figure 18 shows the percentage of the five classes of the different models in DFSM. The results of the four models were acceptable according to the hierarchical distribution. In the very low grade, the V–CNN model had the highest proportion of 73.36% and the SVM model had the lowest proportion of 68.42%, which indicated that most of the research area was in the very low grade. In the low grade, the highest value was 6.55% in the SVM model and the lowest value was 2.15% in the V–CNN model. In the moderate grade, the proportion of the four models was significantly different, including the SVM model (4.92%), the S–CNN model (3.92%), the ANN model (3.12%) and the V–CNN model (2.01%). In the high grade, the ANN model had the highest value of 9.26% and the V–CNN model had the lowest value of 3.66%. For the very high grade, the V–CNN model had the highest value of 18.82%, followed by the S–CNN model (16.73%), the SVM model (14.46%), and the ANN model (12.64%). To more accurately compare susceptibility maps, a comparison of the susceptibility values was carried out on a pixel–by–pixel basis, to reveal spatial patterns in the differences among susceptibility maps [78]. And the results were shown in Figure 19. The model with a higher AUC value was selected as the benchmark, and six comparison maps were obtained, namely “S–CNN and SVM”, “S–CNN and V–CNN”, “S–CNN and ANN”, “SVM and V–CNN”, ”SVM and ANN”, and “V–CNN and ANN”. It was obvious that the relevant differences were encountered and not evenly distributed. Some spatial features can be observed in almost every comparison map. The difference was mainly in the southeast of Jilin Province, where 94% debris flows occurred. It can be inferred that the greater the difference of AUC values between models, the more obvious the relevant difference in the comparison maps.





5. Discussion


DFSM is one of the most effective approaches for debris flow evaluation and management tasks. Although many methods have been applied to DFSM, there is no benchmark for model selection. In this paper, four models (S–CNN, V–CNN, SVM, ANN) were used to study the spatial distribution of debris–flow susceptibility in Jilin Province, China.



To ensure the quality of the models, influencing factors selection is essential. Then a multicollinearity test was prepared. The results showed that all influencing factors were independent and effective (Table 4). The results of the GR method (Figure 13) showed that all influencing factors had enough predictive ability for the occurrence of debris flows. In addition, the FR method was introduced to measure the relationships between influencing factors and debris flows (Table 5). The results showed that debris flows had the greatest impact on low elevation terrain. The reason may be that the area with low elevation has a larger slope value in the research area. Slopes from 5° to 10° had the highest FR value (1.923). The main reason may be that there are less vegetation coverage and sufficient rain in this area. The southeast aspect had the highest effect on debris flows because the southeast aspect may have the most wetness among other aspects. Regarding the plan curvature, the concave had the highest effect on debris flows occurring. This result may be closely related to human engineering activities. The relationships between profile curvature and debris flows were roughly linear. The profile curvature between 0.06 and 0.28 had the highest impact on debris flow occurrences which had the biggest catchment area. TWI represents the ability of soil moisture to reach saturation. In this research, TWI values between 9 and 11 had the highest impact on debris flows. The distances less than 1000 m from the road exerted the highest impact on debris flow occurring since the closer to the road, the stronger the human activity. The distances between 2000 to 2500 m from the river had the highest FR value (1.975). This may be related to the density of the river networks. Although most debris flows are distributed in group 1 and group 2 area, group 3 had the highest relationship on debris flow occurrences. This may be closely related to the terrain conditions and the anti–weathering ability of rocks in the southeast of Jilin Province. Population density between 10 and 100/km2 had the highest FR value. It can be inferred from the topography factor that the class (10–100/km2) is located in mountainous areas, so it is closely related to the occurrence of debris flows. From the perspective of annual rainfall, the 600–800 mm class was most closely associated with debris flows. This may be related to the dual effect of rainfall and soil. In addition, the valley area was most closely related to debris flows among the four topography class. This is mainly due to the dense distribution of rivers and the large slope of the slope in the area. It can be seen from vegetation cover that debris flows mostly occurred in areas with more vegetation because the areas are mostly mountainous and receive plenty of rain. To find out the contribution of influencing factors to the distribution of debris–flow susceptibility, we excluded one factor in turn to construct the four models. The results were shown in Figure 20. All influencing factors have contributed to the distribution of debris–flow susceptibility. Lithology has the highest contribution value of 19.8% in the S–CNN model, while elevation and distance to rivers have the lowest contribution value of 4.2% in the SVM model. The same factor has different contributions on different models. The difference between the SVM and V–CNN models is small, but the difference between the S–CNN and ANN models is large.



The ROC curve results showed that the accuracy of the S–CNN model was far higher than that of the other three models, which indicated that the CNN structure that used SAME padding had the highest accuracy in a debris flow susceptibility evaluation. Then some detailed comparisons can be summarized as follows. First, for the V–CNN and ANN models, the accuracy of the V–CNN model was 0.852 in the validation set, which was higher than that of the ANN model (0.815) when they were inputted with the same data, indicating that the convolution layers and subsampling layers uncovered more effective information from the data that made the model more accurate. This comparative case showed that the CNN model was indeed available and better than the ANN model for debris flow susceptibility assessments. Second, by comparing the SVM and V–CNN models, we found that the accuracy of the SVM model was 0.6% higher than that of the V–CNN model in the validation set. The reason was that the convolution layers and subsampling layers used VALID padding to process the data, resulting in the loss of debris flow information (See Figure 8 and Figure 9), which made the accuracy of the V–CNN model lower than that of the SVM model.



Therefore, we used a different method named SAME padding to process the data. On this basis, the S–CNN model can make full use of all the information in the process of convolution and subsampling operations compared with the V–CNN model (See Figure 11 and Figure 12). As we can see, the matrices became smaller after the convolution operation by the use of VALID padding. It meant that the edge information of the matrices was used only once but the information in the middle of the images was used many times, which led to the unbalanced use of the information. In contrast, SAME padding added a certain range of blank areas around the matrices during the convolution manipulation, which meant that all the data were used evenly. During the max pooling manipulation, VALID padding discarded the edge information of the matrices, which resulted in the loss of debris flow data. However, SAME padding also added a certain range of blank areas around the matrices, and then all the information can be used effectively. Therefore, the S–CNN model can definitely obtain a more accurate debris flow susceptibility map compared with the V–CNN model. Finally, it was found that the accuracy of the S–CNN model was 4.3% higher than that of the SVM model in the validation set, which meant that SAME padding was more suitable to handle the debris flow data than VALID padding because SAME padding in the CNN structure can make full use of the debris flow data and extract more valuable information than the V–CNN model.



The differences between CNN and traditional ML algorithms (SVM and ANN) can be summarized as follows. First, the format of input data is different. The input data of CNN and traditional ML algorithms are 4D–tensor and text format, respectively. Second, the structures of the algorithms are different. The convolution and subsampling layers are unique structures in CNN. The function of convolution layers is to extract different features of input data. The subsampling layers are used to compress the extracted features. Third, the means of building models are different. CNN and traditional ML algorithms are based on TensorFlow framework and SPSS Modeler software to build models, respectively.



The strength of this paper is the successful application of 2D–CNN to a susceptibility evaluation of debris flow and the use of the S–CNN model for the first time to study the debris flow susceptibility in Jilin Province. Compared with the traditional ML methods, the S–CNN model used the convolution and subsampling operations to dig out more rules from the data. In contrast to the V–CNN model, the S–CNN model can retain data and use it completely. The ROC curves and three statistical methods results show that the S–CNN model had the best performance. And the shortcomings of this paper are the uncertainty of the CNN model parameters and structure. At present, there is no accepted standard for selecting CNN parameters and structures. Both the parameters and the structure are the local optimal solutions acquired after continuous attempts. This paper used the LetNet–5 structure, and the size of the convolution and subsampling layers were derived from experience, which made the precision of the CNN model was not necessarily optimal. This also points out a potential new direction for our research, namely, the optimization of CNN parameters.




6. Conclusions


In debris flow prone areas, it is very important to establish a robust, stable and accurate model for the spatial prediction of debris flow susceptibility. Although many well–performing models have been used in regional research, there is still room for improvement in increasing model accuracy. For this reason, we have carried out the research in this paper. Then the following conclusions can be inferred.



	
The AUC value of the V–CNN model (0.852) was higher than that of the ANN model (0.815). And three mathematical statistical methods also showed that the V–CNN model had smaller errors. The research indicated that the convolution layers and max pooling layers can extract more data patterns than pure full connection layers. Therefore, CNN models are more suitable for studying debris flow susceptibility than traditional ML methods such as ANN.



	
The CNN models based on VALID padding still have some shortcomings. From the ROC caves and mathematical statistics, the accuracy of the V–CNN model was lower than that of the SVM model. This indicated that the method of VALID padding processing of the data was not the optimal choice. Therefore, SAME padding was selected to process debris flow data in this paper.



	
SAME padding is more suitable for processing debris flow data compared with VALID padding. The S–CNN model obtained the highest AUC value and the minimum error. Obviously, the S–CNN model can make full use of the data and dig out more valuable information than the other three models.



	
We compare the susceptibility maps on a pixel–by–pixel basis and six comparison maps are produced. By observing the differences distribution of comparison maps, we draw a conclusion that the highest AUC map may not have the best predictive ability in some areas. This may be related to geotechnical and geomorphological reasons of differences and systematic errors.
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Figure 1. Location of study area and distribution of debris flow. 
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Figure 2. The flowchart of the methodology used in this study. 
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Figure 3. The one–dimensional corresponding relationship between thirteen influencing factor values and whether a debris flow occurs. 
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Figure 4. One–dimensional to two–dimensional schematic. 
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Figure 5. Debris flow influencing factors used in this study: (a) elevation, (b) slope, (c) aspect, (d) plan curvature, (e) profile curvature, (f) topographic wetness index (TWI), (g) distance to roads, (h) distance to rivers, (i) lithology, (j) population density, (k) annual rainfall, (l) topography, (m) vegetation coverage. 
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Figure 6. The LetNet–5 structure. 
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Figure 7. The VALID padding convolutional neural network (V–CNN) structure and the procedure of debris flow data processing. 
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Figure 8. The convolution manipulation (VALID padding). 
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Figure 9. The subsampling manipulation (VALID padding). 






Figure 9. The subsampling manipulation (VALID padding).



[image: Water 12 02079 g009]







[image: Water 12 02079 g010 550] 





Figure 10. The SAME padding (S–CNN) structure and the principle and process of debris flow data processing. 
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Figure 11. The convolution manipulation (SAME padding). 
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Figure 12. The subsampling manipulation (SAME padding). 
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Figure 13. Average merit (AM) values of influencing factors using the gain ratio (GR) method. 
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Figure 14. Debris flow susceptibility maps: (a) 2D–CNN based on SAME padding (S–CNN), (b) 2D–CNN based on VALID padding (V–CNN), (c) Support Vector Machines (SVM), (d) Artificial Neural Network (ANN). 
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Figure 15. The ROC curves and AUC values of the four models on the training set. 
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Figure 16. The ROC curves and AUC values of the four models on the validation set. 
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Figure 17. The mathematical statistics of the four models. 
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Figure 18. The proportion of the prediction results of different models in the susceptibility level. 
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Figure 19. Comparison maps of the susceptibility values of the four models: (a) comparison map of S–CNN and SVM, (b) comparison map of S–CNN and V–CNN, (c) comparison map of S–CNN and ANN, (d) comparison map of SVM and V–CNN, (e) comparison map of SVM and ANN, (f) comparison map of V–CNN and ANN. 
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Figure 20. Relative importance of influencing factors to the four models. 
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Table 1. Main geology and lithology in the study area.
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System

	
Stratum Code

	
Group

	
Main Lithology






	
Archean eon

	
Ar1

	
Yangjiadian

	
Dark black, columnar structure, including plagioclase, hornblende, pyroxene




	
Ar2

	
Laoniugou

	
Pyroxene granulite, hornblende metagranite, pyroxene magnetite rock




	
Proterozoic eon

	
Pt1

	
Linjiang

	
The phyllite, sericite phyllite and diorite schist




	
Cambrian Period

	
Є1

	
Changping

	
Gray medium–thin limestone, asphaltene limestone, dolomite limestone




	
Є2

	
Zhangxia

	
Blue–grey bioclastic limestone, gray thin layered limestone




	
Є3

	
Gushan

	
Purple siltstone, shale with thin limestone




	
Ordovician period

	
O1

	
Majiagou

	
Light gray dolomite limestone, flint nodular limestone




	
Silurian Period

	
S1

	
Taoshan

	
Gray, dark gray fine sandstone, siltstone, silty slate with mud limestone.




	
Devonian Period

	
D2

	
Wangjiajie

	
Gray medium–thick layer limestone, bioclastic limestone




	
Carboniferous Period

	
C2

	
Shanxi

	
Dark coarse sandstone, siltstone, shale, and coal, with a thin layer of limestone




	
Permian period

	
P2

	
Sunjiagou

	
Red mudstone, silty mudstone, and feldspar sandstone




	
Triassic Period

	
T3

	
Daxinggou

	
Volcanic rocks with sedimentary clastic rocks and thin coal seams




	
Jurassic Period

	
J1

	
Hongqi

	
Sandstone, siltstone, mudstone




	
J2

	
Wanbao

	
Sandstone, siltstone, carbonaceous mudstone




	
J3

	
Shahezi

	
Gray sandstone, siltstone with five layers of coal




	
Cretaceous period

	
K1

	
Yaojia

	
Interlayer of brown–red mudstone and gray–green mudstone, siltstone




	
K2

	
Nenjiang

	
Mainly gray–black mudstone, with gray–green fine sandstone, siltstone




	
Tertiary period

	
E1

	
Fufengshan

	
Gray–green olive basalt, stomatal basalt, almond–shaped basalt




	
E2

	
Shulan

	
Gray–green sandstone, siltstone, and mudstone coal seam




	
Quaternary period

	
Q1

	
Sihai

	
Black basaltic volcanic slag and volcanic ash, black soil layer with clumps
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Table 2. Database for influencing factors.
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	Influencing Factors
	Data Type
	Scale





	Elevation
	Grid
	100 m × 100 m



	Slope
	Grid
	100 m × 100 m



	Aspect
	Grid
	100 m × 100 m



	Plan curvature
	Grid
	100 m × 100 m



	Profile curvature
	Grid
	100 m × 100 m



	TWI
	Grid
	100 m × 100 m



	Distance to roads
	Polygon
	1:5,000,000



	Distance to rivers
	Polygon
	1:5,000,000



	Lithology
	Polygon
	1:1,800,000



	Population density
	Polygon
	1:1,800,000



	Annual rainfall
	Polygon
	1:5,000,000



	Topography
	Polygon
	1:1,800,000



	Vegetation coverage
	Polygon
	1:1,800,000
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Table 3. The meaning of each indicator in the receiver operative characteristic (ROC) curve.
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True

	
Positive (Debris Flow)

	
Negative (Non–Debris Flow)




	
Predicted

	






	
Positive (debris flow)

	
TP (true positive)

	
FP (false positive)




	
Negative (non–debris flow)

	
FN (false negative)

	
TN (true negative)
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Table 4. The results of multicollinearity analysis.
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Debris Flow

	
Collinearity Statistics




	
Influencing Factors

	
Tolerance

	
VIF






	
TWI

	
0.753

	
1.328




	
distance to river

	
0.969

	
1.032




	
Vegetation coverage

	
0.476

	
2.099




	
topography

	
0.525

	
1.905




	
distance to road

	
0.988

	
1.013




	
lithology

	
0.489

	
2.047




	
population density

	
0.914

	
1.094




	
rainfall

	
0.687

	
1.455




	
profile curvature

	
0.788

	
1.268




	
plan curvature

	
0.841

	
1.19




	
aspect

	
0.992

	
1.008




	
slope

	
0.626

	
1.596




	
elevation

	
0.735

	
1.360
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Table 5. The spatial relationship between influencing factors and debris flows by the frequency ratio (FR) method.
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Influencing Factors

	
Classes

	
Percentage of Domain (%,a)

	
Percentage of Debris Flow (%,b)

	
FR (b/a)






	
Elevation (m)

	
<600

	
75.686

	
86.406

	
1.142




	
600–800

	
12.983

	
13.018

	
1.003




	
800–1500

	
10.946

	
0.461

	
0.042




	
>1500

	
0.385

	
0.115

	
0.299




	
Slope (°)

	
<5

	
64.323

	
53.687

	
0.835




	
5–10

	
15.336

	
29.493

	
1.923




	
10–20

	
16.568

	
15.438

	
0.932




	
>20

	
3.773

	
1.382

	
0.366




	
Aspect

	
Flat

	
11.021

	
5.645

	
0.512




	
North

	
11.532

	
8.756

	
0.759




	
Northeast

	
11.655

	
11.175

	
0.959




	
East

	
11.076

	
16.359

	
1.477




	
Southeast

	
11.343

	
17.281

	
1.524




	
South

	
10.443

	
13.018

	
1.247




	
Southwest

	
11.644

	
12.558

	
1.078




	
West

	
11.072

	
7.604

	
0.687




	
Northwest

	
10.215

	
7.604

	
0.744




	
Plan curvature (100/m)

	
concave

	
6.010

	
7.258

	
1.208




	
flat

	
84.060

	
85.023

	
1.011




	
convex

	
9.930

	
7.719

	
0.777




	
Profile curvature (100/m)

	
<−0.31

	
2.275

	
0.346

	
0.152




	
−0.31–−0.10

	
7.908

	
3.687

	
0.466




	
−0.10–0.06

	
72.621

	
52.535

	
0.723




	
0.06–0.28

	
13.995

	
36.866

	
2.634




	
0.28–2.10

	
3.201

	
6.567

	
2.052




	
TWI

	
<5

	
46.208

	
50.806

	
1.100




	
5–7

	
31.151

	
21.083

	
0.677




	
7–9

	
11.864

	
10.829

	
0.913




	
9–11

	
5.396

	
11.866

	
2.199




	
>11

	
5.381

	
5.415

	
1.006




	
Distance to roads (m)

	
<1000

	
8.830

	
12.212

	
1.383




	
1000–2000

	
2.966

	
2.880

	
0.971




	
2000–3000

	
2.982

	
3.456

	
1.159




	
3000–4000

	
2.990

	
1.613

	
0.540




	
4000–5000

	
2.999

	
2.304

	
0.768




	
>5000

	
79.233

	
77.535

	
0.979




	
Distance to rivers (m)

	
<500

	
2.576

	
3.341

	
1.297




	
500–1000

	
2.083

	
3.226

	
1.549




	
1000–1500

	
1.943

	
2.074

	
1.067




	
1500–2000

	
1.865

	
2.535

	
1.359




	
2000–2500

	
1.809

	
3.571

	
1.975




	
>2500

	
89.724

	
85.253

	
0.950




	
Lithology

	
Group 1

	
46.543

	
65.092

	
1.399




	
Group 2

	
9.209

	
21.198

	
2.302




	
Group 3

	
1.856

	
10.138

	
5.462




	
Group 4

	
42.392

	
3.571

	
0.084




	
Population density (/km2)

	
0–10

	
10.410

	
5.184

	
0.498




	
10–100

	
56.835

	
70.392

	
1.239




	
100–500

	
32.540

	
24.309

	
0.747




	
>500

	
0.215

	
0.115

	
0.536




	
Annual rainfall (mm)

	
0–600

	
72.089

	
39.171

	
0.543




	
600–800

	
26.192

	
60.599

	
2.314




	
800–1000

	
0.827

	
0.115

	
0.139




	
>1000

	
0.891

	
0.115

	
0.129




	
Topography

	
Plain

	
37.633

	
0.461

	
0.012




	
Valley

	
6.319

	
14.977

	
2.370




	
Hills

	
10.565

	
12.442

	
1.178




	
Mountains

	
45.483

	
72.120

	
1.586




	
Vegetation coverage

	
Low

	
41.533

	
7.143

	
0.172




	
Moderate

	
28.663

	
55.415

	
1.933




	
High

	
18.622

	
25.000

	
1.343




	
Very high

	
11.182

	
12.442

	
1.113
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Table 6. Parameter settings of the CNNs.
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Method

	
S–CNN

	
V–CNN




	
Parameters

	






	
Number of iterations

	
2000

	
2000




	
Convolutional kernel size

	
3 × 3

	
3 × 3




	
Max pooling kernel size

	
2 × 2

	
2 × 2




	
Activation function

	
ReLU

	
ReLU




	
Optimizer

	
Adam

	
Adam




	
Dropout

	
0.7

	
0.7




	
Learning rate

	
0.0001

	
0.0001




	
The first full connection

	
288

	
288




	
The second full connection

	
100

	
100












© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






media/file4.png
T
=

Database

kl—_/

Debris Flow
inventory ma

wi

N

a
A

Validation(30% )

y

Ok

:_< i _M_uﬂico]
|
|

Validation of the models using ROC. ACC. F-

measure and MAE

— — — — — — — — — — — — —

Terrain Factors >*—

Influencing
Factors

Slope

Aspect
Elevation
Topography
Plan curvature
Profile curvature

( Hydrological )
Factors
Topographic wetness

index (TWI)

Annual rainfall

Distance to rivers

(Geological Factors><—

Lithology

C

Environmental
Factors

>7

Distance to roads
Population density

Vegetation coverage

Sensitivity

—— S-CNN(AUC=0.901) .
—— SVM(AUC=0.858) 0.000
— V-CNN(AUC=0.852)
—— ANN(AUC=0.815)
— Reference Line

04
100 - Specificity

T T
06 08 10

0.200

0.100

— — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — —

Statistical results

B VIAE

0.600

B |_measure

0.800

WACC

1.000

1

ANN _ .

200

1100





media/file39.jpg
s000%
o
s000%
soas
s

comparison results

26 % 926% 18825

215l o P
Y

s

wrylow ow moderste ™ when

WSO mSM mVON mAN





media/file18.png
—

Input images
(13x13x1)

t

Convolution layer 1
(16@3x3x1)

feature maps
C1:11x11x16

Subs

(1@2x2x16) (32@3x3x16) (1@2x2x32)

i

Back propagation

_

Full connection

ampling layer 1 Convolution layer 2 Subsampling layer 2

S$1:5x5x16 C2:3x3x32 S2:1x1x32

Forward propagation

—

Dropout
FC1:288 I

Full connection

Output:2





media/file21.jpg
stride=2  the discarded part

stride=2

2x2

0/0 0 5%§

11x11
Subsampling Subsampling manipulation Outcome





media/file44.png
Vegetation coverage
Topography
Annual rainfall
Population density
Lithology

Distance to rivers
Distance to roads
TWI

Profile curvature
Plan curvature
Aspect

Slope

Elevation

HE ANN mV-CNN mSVM

o

2

4

6

8

A

10

m S-CNN

12

14

16

18

Contributions to the susceptibility models(%)

20





media/file26.png
Convolution kernel

stride=1

Convonlution manipulation

stride=1 Wy twss
ﬁ
010100 07010 1010+0410+010
01110 )
0(0]1 111
0 J
0 0
0 0
) 0| ——
0 0
] )
0 0
0 1)
0 0
() O e -
0 1/0[0
010[0[0[0]0]0]0]0 Ol =
13x13 13x13 t

Outcome Wi21TWz





media/file7.jpg
m
!

m

i

i

o

o[o

oJo]1

ofo[0]0

1[ofo[o[1

1D

oJolo[t

ofofofoo[1

ofo[x

o[1]o[o[o[o[0[o[oo[0]0

ofolo[1 o]t

ofo[o[ofofo[1

1

ofo[o[o[oofofo[1

ofo[o[o[oo[o[o[o[o[o[0]0

0

o[o[o[o[o[o[o[o[o[o[0[0]0
ofo[o[o[oo[o[o[o[o[0[0]0
olo[oofo]o]o[o[o[o[o[o]0
ofo[o[oofo[o[o[o[o[o[0]0
o[o[o[o[o[o[o[o[o[o[0[0]0
o[o[o[o[o[o[o[o[o[0[0[0]0
oloolololololelo[o[o[o]0

2D






media/file28.png
stride=2

—l
1O Tl 010
O] [ = [0[0
) 0
o 0| Maxpooling
=z 0
2x2 = 0 EEE
0 e
. /
0[0 110
0[0/0{0/0]0]0[0]0]0][0[0]0]0
13x13 i

Subsampling Subsampling manipulation Outcome





media/file11.jpg





media/file6.png
TWI

Distance to rivers
Vegetation coverage
Topography
Distance to roads
Lithology
Population density
Rainfall

Profile curvature
Plan curvature
Aspect

Slope

Elevation

s B 5] e [ 5 5

RENE

) oo e

A OREEREEE A E R

s





media/file36.png
Sensitivity

—— S-CNN(AUC=0.901)
0.2+ — SVM[ALIC=0.858)
— V-CNN(AUC=0.852)
— ANN(AUC=0.815)
— Reference Line

I 1 1
0o nz 04 06 ns 10

100 - Specificity





media/file15.jpg
YT

Comiuiontaer 1 Sobrampling e | Camolsotayr 2 Ssbsamplnglayer
e [ R

g s
ey ferres Sulses  CHOUMGE  SISI6  Palomaien  Oupuld





nav.xhtml


  water-12-02079


  
    		
      water-12-02079
    


  




  





media/file2.png
30°0'0"'N 50°0'0"N

10°0'0"N

I
50°0'0"N

30°0'0"'N

10°0'0"N

80°0'0"E 100°0'0"E 120°0'0"E
! | |
| I I
80°0'0"E 100°0'0"E 120°0'0"E

4,900,000

4,600,000

42,400,000
|

42,700,000
|

Legend

A Debris Flow

4,900,000

4,600,000

Elevation(m)
.High:2660 — T
0 450 900 1,800
Low:5 ,
Kilometers
| |
42,400,000 42,700,000





media/file23.jpg
TIINT‘M

T






media/file10.jpg





media/file24.png
Back propagation

Dropout

Full connection

#© 0 Non-debris flow
29 1 Debris flow

Convolution layer 1 Subsampling layer 1  Convolution layer 2 Subsampling layer 2
(16@3x3x1) (1@2x2x6) (32@3x3x16) (1@2x2x32)
Input images feature maps | I
(13x13x1) C1:13x13x16 S1:7x7x16 C2:7x7x32 S2:4x4x32 Vol coiincetion Output:2

Forward propagation

e—





media/file29.jpg
00%0

0080
0070
g 0060
E 0050
0020
0010
0000

5
< 0030

S 000

Debris flow influencingfactors.






media/file1.jpg





media/file12.png
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 1 1 1 1 1 1

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
| 1 1 | |

4,600,000
|

(@)

A Debris Flow
Elevation(m)

B <600

[ ]600-800
I s00-1500
B 1500

0 2550 100
Kilometers

150 200

I
4,900,000

4,800,000

4,700,000

4,500,000
|

| I 1 | | I 1 |
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 1 1 1 1 1 1

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
| 1 1 | |

4,600,000
|

A Debris Flow
Aspect

B vac [_|South
- North |:| Southwes
- Northeast :l West
- East |:| Northwest
i Southeast

0 2550 100
Kilometers

150 200

I
4,900,000

4,800,000

4,700,000

4,500,000
|

| I 1 | | I 1 |
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

5,100,000

5,000,000

4,600,000

4,500,000

5,100,000

5,000,000

4,600,000

4,500,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 1 1 1 1 1 1

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
| | | ] |

4,600,000
|

(b)

A Debris Flow
Slope(°)

- <5
B 5-10
[ J1020
B 20

0 2550 100 150 200

Kilometers

1 1
4,800,000 4,900,000

4,700,000

4,600,000

4,500,000
]

| 1 1 | | 1 | |
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 1 1 1 1 1 1

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
| | | | |

4,600,000
|

A Debris Flow

Plan curvature

‘:l Concave
- Flat
|:| Convex

0 2550 100 150 200

Kilometers

1
4,900,000

4,800,000

4,700,000

4,500,000
|

| 1 1 | | 1 | |
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

5,100,000

5,000,000

4,500,000

5,100,000

5,000,000

4,600,000

4,500,000





media/file9.jpg





media/file42.png
42,20l0,000 42,30|0,000 42,40|0,000 42,50IO,000 42,60|0,000 42,70|0,000 42,80:),000 42,90:),000

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 1 1 1 1

4,600,000
1

S—CNN and SVM

- 0.926
. -0.936

80

1
Kilometers

T T T T T
4,700,000 4,800,000 4,900,000 5,000,000 5,100,000

T
4,600,000

T T T T T T T T
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

42,2010,000 42,3010,000 42,40:],000 42,50[0,000 42,6010,000 42,7010,000 42,8010,000 42,9010,000

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 1 1 1 1

4,600,000
1

%
L S

S—CNN and ANN

. 0.790

- -0.852

Kilometers

T T T T T
4,700,000 4,800,000 4,900,000 5,000,000 5,100,000

T
4,600,000

T T T T T T T 1
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

42,20|0,000 42,30[0.000 42,40:],000 42,50IO,000 42,60]0,000 42,70'0,000 42,80:),000 42,90[0.000

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 1 1 1 L

4,600,000
1

SVM and ANN

. 0.903

- -0.906

Kilometers

T T T T T
4,700,000 4,800,000 4,900,000 5,000,000 5,100,000

T
4,600,000

T T T T T T T T
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

42,20l0,000 42,30I0,000 42,40:),000 42,50l0,000 42,60|0,000 42,70|0,000 42,80|0,000 42,90IO,000

2 I
2 S
2 =3
£ ®) £
g w
=4 o
=4 S
=3 =3
S - <
2 S
S S
g v
S 3
=4 S
S S
S - <
g &
- -
2 I
S T2
< - i <
3 S
% 4 =
- 2 -
2 =
g S—CNN and V-CNN S
g - 0.958 g
- <
g g
< 80 160 <
g 7 . [ N W T . | I~ g
2 B - -
- -0.995 : gf Kilometers <
T T T T T T T T
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
42,20[0,000 42,3010,000 42,4010,000 42,5010,000 42,6010,000 42,70[0,000 42,80[0,000 42,9010,000
e =
=4 S
S S
e (d B
v “
=4 I
3 =
< - <
2 S
=3 S
b w
= =
2 S
< <
£ I
S Sy
- <
g g
S S
S -
2 S
=3 *x
- -~
€ | SYM and V-CNN g
- -~
2 - I
2 S
=) =3
< - <
2 S
g . : E
- -0.513 Kilometers <
T T T T T T T T
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
42,20l0,000 42,30]0,000 42,40'0,000 42,50:),000 42,60[0.000 42.70|0,000 42,80l0,000 42,9010,000
=4 =
S S
< <
> - _—
g1 A g
w L3 w
3 2 =
= S
S S
£ -
2 S
< <
w w)
3 I
2 S
< <
£ -
S S
- -~
S o
S S
< <
S <
& &
- -~
g | V-CNN and ANN g
- -
2 1 o
2 S
< <
S - <
$1 E
2 A =
- -0.916 Kilometers <

T T T T T T T T
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000





media/file38.png
Statistical results

V-CNN _:
ANN _ ::
0.000 0.200 0.400 0.600 0.800 1.000 1.200

B MAE BF measure BACC

1.400





media/file17.jpg
Comtsaarrt Svamp
g = )

apimn e
W GIRR nesa coom SW e Owe

——






media/file30.png
AM vaules

¥ N A . ) e S @ & e &
\005\ & L «;gi’f(\ &&\ RN ,@\ N & & R
o <! <s- { @ R 2 ) ) © < )
B Q°Q’ N c’é cf“ A S

& & KO P AL o o &
P o NG o QN O ?
3 v & Q© Q& &

Q° & 9

Debris flow influencing factors






media/file35.jpg
10

08
Z 057
3
-
£
@
? o4
~—— S-CNN(AUC=0.901)
027 — SVM(AUC=0.858)
— V-CNN(AUC=0.852)
— ANN(AUC=0.815)
— Reference Line
00 T

06 08 10
100 - Specificity

T
00 02 04





media/file13.png
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 1 | | 1 | |

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 | | | |

4,600,000
|

A Debris Flow
Profile curvature
B <031

B - 0.31--0.10
B - 0.10- 0.06
B 0.06-0.28
B 028

. 1 1
0 2550 100 150 200
Kilometers

I )
4,800,000 5,000,000

4,700,000

4,600,000

4,500,000
|

1 I I | | I | |
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 1 | | 1 | |

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 | | | |

4,600,000
|

4,500,000
|

A Debris Flow

Distance to roads(m)

B <1000

[ ] 1000-2000
[ ]2000-3000
[ ]3000-4000
[ 4000-5000

0 2550
Kilometers

150 200

I ) 1
4,800,000 4,900,000 5,000,000

4,700,000

4,600,000

B >5000

L T T T T T T T
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 1 | | 1 | |

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
| | | | |

4,600,000
|

A Debris Flow
Lithology

- Group 1
- Group 2
Group 3
- Group 4

mnrr— 1 1
0 2550 100 150 200
Kilometers

1 )
4,800,000 4,900,000

4,700,000

4,600,000

4,500,000
|

1 I I | | I | |
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

)
4,500,000

5,100,000

4,900,000

4,500,000

5,100,000

4,500,000

5,100,000

5,000,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 | 1 1 | 1 1

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 1 1 1 1

4,600,000
1

A Debris Flow
TWI
- <5
[ 157
[ 79
[ o-11
| Bl

g I I ey IS e |
0 2550 100 150 200
Kilometers

1 1
4,800,000 5,000,000

4,700,000

4,600,000

4,500,000
1

I | | 1 I | 1 I
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 | | 1 1 | 1 1

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 1 1 1 1

4,600,000
1

-

j (h)

»
" s
a N
A Debris Flow
Distance to rivers(m) x. ‘
‘: A : A A A “
4 A 3
B s s A e
B s00-1000 =
[ ] 1000-1500
[ 15002000 02550 100 150 200
Kilometers

[ 2000-2500

1 1 1
4,800,000 4,900,000 5,000,000

4,700,000

4,600,000

4,500,000
1

I | | 1 I | 1 I
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 | 1 1 | 1 1

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 1 1 1 1

4,600,000
1

A Debris Flow
Population density(/km2)

- Very low
- Low
- Moderate
B sigh

mnrr 1 1
0 2550 100 150 200
Kilometers

1 1
4,800,000 4,900,000

4,700,000

4,600,000

4,500,000
1

I | | 1 I | 1 I
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

)
4,500,000

5,100,000

4,900,000

4,500,000

5,100,000

4,500,000

5,100,000

5,000,000





media/file27.jpg
—
T
SiaEerer
- 0 1
) 8 Maxpooling
>z 0]
22 ? 3
0 [
idloiotootaio ot olotoi
1313 77

Subsampling Subsampling manipulation Outcome






media/file3.jpg
e snd A

uon ot moing RO ACE |

ey





media/file22.png
stride=2  (he discarded part
E— P

Ol1] 14100
1{o[ [ 0
- I
tﬁl Maxpooling
Z EFT
2%X2 =
010 01
010 00 5x%5§
11x11

Subsampling Subsampling manipulation Outcome





media/file19.jpg
stride=1 WirtWartwa

=1

32 o |
Convolution kernel Convonlution manipulation Outcome Waswyrtwyy





media/file40.png
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

comparison results

72.35%

69.92%

12.64%
9.26% 18.82% .

2.63% 3.12%

> 159 AP - 019, AP =

Vﬁl.w% AN s c5%
VLA 3 029 MR S32% =y

very low low moderate high very high

ANN

6 V-CNN

SVM
16.73%
S-CNN

mS-CNN mSVM mV-CNN mANN





media/file33.jpg
08

°
>
7

Sensitivity

°
2
i

02

00

—— S-CNN(AUC=0.946)
— SVM(AUC=0.935)
— V-CNN(AUC=0.910)
— ANN(AUC=0.903)
— Reference Line

T
00 02 04 06 08 10

T T

100 - Specificity





media/file32.png
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 1 1 1 1 1 1

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 1 1 1 1

4,600,000
1

A Debris Flow

S—-CNN

- Very low
- Low
|:| Moderate
[ |High
I:I Very high

80

Kilometers

5,000,000

4,900,000

I
4,600,000

I 1 1 I 1 I 1 1
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 1 1 1 1 1 1

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 1 1 1 1

4,600,000
1

4 Debris Flow

SVM

- Very low
- Low
|:| Moderate
[ High
I:I Very high

Kilometers

I I I
4,800,000 4,900,000 5,000,000

4,700,000

4,600,000

I | U I U I | U
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

5,100,000

4,800,000

4,700,000

5,100,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 1 1 1 1 1 1

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 1 1 1 1

4,600,000
1

A Debris Flow

V-CNN

- Very low
- Low
|:| Moderate
I High
I:I Very high

Kilometers

5,000,000

4,900,000

I
4,600,000

I 1 1 1 1 I 1 1
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000
1 1 1 1 1 1 1 1

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
1 1 1 1 1

4,600,000
1

A Debris Flow

ANN

- Very low
- Low
|:| Moderate
[ High
I:I Very high

Kilometers

I I I
4,800,000 4,900,000 5,000,000

4,700,000

4,600,000

I | | | U I | U
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

5,100,000

4,800,000

4,700,000

5,100,000





media/file14.png
4,600,000 4,700,000 4,800,000 4,900,000 5,000,000 5,100,000

4,500,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000
1 | 1 1 1

42,700,000 42,800,000 42,900,000
1 1 1

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000
| 1 1 | | 1

42,800,000 42,900,000
| |

[— (=
[ [
) =)
f— = - -
= =
W w
= S
= <
(=] (=]
. = = -
(=4 (=
(=] (=]
w w
= <
= =
(=] (=]
. = = -
(=4 >
=) (=)
< <
[—4 [—4
[ [
= =]
= =
= <
) )
- -
A Debris Flow § §
Annual rainfall(mm) -< S
£ .
I 0600 T
[ 600-800 s s
=) =)
[ 800-1000 1 1 [§ £
- 1000 0 2550 100 150 200 < <+
Kilometers
= S
= <
=) =)
[—4 [~
T T T T T T T T z z
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000 < <

A Debris Flow
Topography

- Plain

- Valley
B Hills

- Mountains

0 2550 100
Kilometers

150

mrr— 1 1

200

I ) 1
4,800,000 5,000,000 5,100,000

4,700,000

4,600,000

42,200,000 42,300,000 42,400,000 42,500,000 42,600,000
| 1 1 1 ]

42,700,000 42,800,000 42,900,000
1 1 ]

4,700,000 4,800,000 4,900,000 5,000,000 5,100,000
| | | | |

4,600,000
|

A Debris Flow

Vegetation coverage

- Low
- Moderate
B sigh
- Very high

0 2550
Kilometers

150

200

I I I I
4,800,000 4,900,000 5,000,000 5,100,000

4,700,000

4,600,000

4,500,000
|

| | | 1 |
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000

| 1 |
42,700,000 42,800,000 42,900,000

I
4,500,000

| 1 I I | I I |
42,200,000 42,300,000 42,400,000 42,500,000 42,600,000 42,700,000 42,800,000 42,900,000

1
4,500,000

4,900,000





media/file41.jpg





media/file37.jpg
Statistical results

w0 om om0 0w  omo w1

BMAE WF_measure WACC





media/file16.png
FC1:120
Gaussian connections

Full ti
ull connection 5.84

Convolution layer 1 Subsampling layer 1 Convolution layer 2 Subsampling layer 2
(6@5x5x1) (1@2x2x6) (16@5x5x6) (1@2x2x32)
Input images feature maps

(32x32x1) C1:28x28x6 S1:14x14x6 C2:10x10x16 S2:5x5x16 Full connection Output:10





media/file20.png
stride=1 Wit WotWss

—-
0[110 e, ———
110/0
010/1 C  peaaaa
e
Vi1 [ Ypz| Wiy LL
“.2| “I'n“:m ﬁ :E _
3x3
0100 N R e e S
0[0]1 n
s t
13x13 11x11
Convolution kernel

Convonlution manipulation Outcome Wy3twsz+tws,





media/file5.jpg
™I

Distance to rivers
Vegetation coverage
‘Topography
Distance to roads
Lithology
Population density
Rainfall

Profile curvature
Plan curvature
Aspect

Slope

Elevation

rREEFEEEEEEE

0 e e @

SRR






media/file31.jpg





media/file25.jpg
stride=1 Wartw

SEX

!

stride=1
—

Scescase s

33

o |
aloololoM0l0l0;

113 s 1
Convolution kernel Convonlution manipulation Outeome WirtWa






media/file0.png





media/file8.png
[le[s[s[e[s[=[~[e][~][~]~]-]=—=>

Distance to rivers
Vegetation coverage
Topography
Distance to roads
Lithology
Population density
Rainfall

Profile curvature
Plan curvature

Aspect
Slope
Elevation

0

00

010|101

1

0(0|0O]1|0]O[1

1

0

1

0/]01]0]0]0]0]0]0]0]0

1

0

(3l6]s]r]6]1|2]2f4f1]6[2]1]

1D

0100

010{0]0(0]0[1

1

0(0{0]0({0]0[0O|O[1]0(0[0O]0

0(jof{o|jo0f0|jOf0O|OfO]|O(O[O]O

0{0({0|0]0|0O|[O[(O|O]|O|O[O]O

0(1{0]0f(1]0(0[|0(0]|O[1

0{0(0(0]|0|0O|O(O|O|O|O[O]|O
0{0(0|0]|0O|O|[O[O|JO]|O|O[O]O

ojofo(O0|0|OfOf(O|JO|O|OfO]|O
0{0({0|0]0]0O[0O[O]JO]O|O[O]O
0{0j0]j0|0|0O]jO|OjO]|O|O]|O]O
0{0]0]0|0]0]|0|0|0O]O|O]|O]O

2D






media/file43.jpg
Vegetation coverage
Topography
Annual rainfall
Population density
Lithology
Distance to rivers
Distance to roads
TWI

Profile curvature
Plan curvature
Aspect

Slope

Elevation

2 4 6 8 10 12 14 1 1B
Contributionsto the susceptibility models(%)

mANN mV-CNN mSVM mS-CNN

nmuww

3





media/file34.png
Sensitivity

1.0 —

0.8+

0.6

0.4+
—— S-CNN(AUC=0.946)

0.27 —— SVM(ALC=0.935)
— V-CNN{AUC=0.910)
—— ANN(ALC=0.903)
— Reference Line

0.0 T 1 I |

0.0 0.2 0.4 06 0.8

100 - Specificity





