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Typhoon-induced debris flows pose a significant threat to the southeastern coastal regions of China. The existing typhoon-induced debris flow warning models, however, are largely limited in the refinement of their rainfall thresholds and in their lack of integration with geological factors. This study proposes a typhoon-induced debris flow warning model based on refined rainfall thresholds by integrating them with geological factors. Firstly, based on the characteristic rainfall of 159 debris flows in seven typhoon rainstorms between 1999 and 2019, the rainfall thresholds of debris flow under different geological conditions were obtained. Close relationships were noticed between rainfall thresholds and the number and density of debris flow disasters. The deterministic coefficient method (DCM) and sensitivity index were used to derive the weights of the geological factors, and the geological groups of the rock masses and vegetation type were the most important geological factors for debris flows. Finally, a typhoon-induced debris flow warning model was constructed, and refined rainfall thresholds were obtained. Due to different geological backgrounds, there were significant differences in the warning rainfall thresholds for debris flow disasters in different regions of the study area. The ROC indicator showed the high accuracy of this debris flow warning model. This research provides a scientific basis for the early warning and prediction of debris flows in typhoon-prone area of China.
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1 INTRODUCTION
Typhoon-induced debris flows are a specific rainfall-induced geological hazards. In the past few decades, typhoon-induced landslides and debris flows have caused serious damage and casualties in the southeastern coastal areas of China (Chang et al., 2020; Tang and Xu, 2021; Qin et al., 2022; Zhuang et al., 2023; Huang et al., 2024). To effectively mitigate typhoon-induced debris flows, establishing a warning model is both urgent and necessary (Giannecchini et al., 2012).
As debris flows are always induced by typhoon rainstorms, appropriate rainfall thresholds are the key to ensuring the accuracy of debris flow warnings. A variety of models have been developed to obtain rainfall thresholds for debris flows and landslides. Traditional methods include empirical models and process-based models (Sengupta et al., 2010; Segoni et al., 2018; Dikshit et al., 2020; Guzzetti et al., 2020). Empirical models are based on historical and statistical thresholds, they can predict the general time when a debris flow is initiated but cannot predict the location. Process-based models attempt to extend spatially the slope stability models, they can predict the timing and location, but require detailed geological factors of the slopes (and gullies) (Jiang et al., 2017; Chen et al., 2020; Chen et al., 2023; Zhang et al., 2024a; 2024b). Therefore, at a larger regional scale, empirical models are still better suited for establishing rainfall thresholds than process-based models (Huang et al., 2022a). Among numerous empirical models, Caine proposed the first expression of the rainfall threshold (the I-D expression) for the relationship between intensity and duration of rainfall in 1980, which largely described the effects of the rainfall’s intensity and duration on landslide hazards (Caine, 1980). Since then, rainfall threshold models based on the I-D expression have been widely used at local, regional, and global scales. As to typhoon-induced debris flows warning models, they are established with different combinations of rainfall, such as cumulative rainfall, duration, intensity, effective rainfall, and stimulated rainfall. (Li et al., 2017; Yang et al., 2020; Lee et al., 2021). Among these models, the I-D expression is the most mainstream model.
Given the complexity of the formation process and mechanism of geo-disasters induced by rainfall under different geological backgrounds (Zhang et al., 2024c, 2024d), it is difficult to quantify the combination of geological backgrounds in geo-hazard warning. So far, most of the rainfall thresholds for inducing geo-hazards have been established without considering the region’s geological environment, which has made it difficult to reflect the influence of geological factors and has thus increased the uncertainty of debris flow warnings (Zhu et al., 2004; Martelloni et al., 2012). Obviously, different geological background conditions have played a controlling role in the occurrence of debris flows. If geological factors are integrated into the geological disaster prediction model, it will inevitably improve the accuracy of the prediction model. Therefore, the establishment of refined rainfall thresholds for typhoon-induced disasters, considering the geological conditions, is key to regional disaster prevention and control efforts. In recent years, some studies have tried to integrate rainfall thresholds with geological backgrounds (Segoni et al., 2018; Guzzetti et al., 2020; Ciccarese et al., 2021). In these studies, rainfall thresholds were used for temporal predictions, and the geological backgrounds were used for spatial predictions. At the early stage, matrix-based approaches consisting of rainfall thresholds and susceptibility to landslides were used to predict landslides and debris flows (Segoni et al., 2015; Pradhan et al., 2019). The results represented the varying landslide hazards according to rainfall threshold-based warning levels. More recently, some quantitative approaches have been used. A landslide warning model using the automatic modified frequency ratio method (MFRM) was proposed to couple the temporal and spatial probabilities of landslides. The temporal probability was obtained by the rainfall thresholds, and the spatial probability was obtained by the susceptibility to landslides (Cao et al., 2022). Other studies combined catalogs of typhoon-induced geo-hazards with regional rainfall thresholds using regression methods (Nolasco-Javier and Kumar. 2018) and reliability methods (Jiang and Huang, 2016; Jiang and Huang, 2018; Huang et al., 2021; Huang et al., 2022b). For some geo-hazards, when information was lacking on the physical mechanisms for a disaster’s occurrence, machine learning approaches were applied to determine rainfall thresholds for different recurrence periods of rainfall intensity (Wei et al., 2019; Lin and Wang, 2024).
Although significant progress has been made in building geo-hazard warning models based on rainfall thresholds, there are still many shortcomings in the refinement and application of rainfall thresholds for typhoon-induced debris flows. Firstly, most studies have focused on large-scale geo-hazard warnings, but the refinement and application of small-scale geo-hazard warnings has been insufficient. Secondly, the combinations of rainfall thresholds and geological factors were qualitative or semi-quantitative, the methods of combination were mostly subjective, causing research results to vary from person to person. Lastly, the geological factors considered were mostly expressed in terms of susceptibility to geo-hazards and were not directly combined with rainfall thresholds.
This study proposes a typhoon-induced debris flow warning model based on the integration of rainfall thresholds and geological factors. Firstly, based on the characteristic rainfall of 159 debris flows in seven typhoon rainstorms between 1999 and 2019, the rainfall thresholds of debris flow under different geological conditions were obtained. Then the deterministic coefficient method (DCM) was used to construct a warning model for typhoon-induced debris flows by integrating rainfall thresholds with geological factors. Due to different geological backgrounds, there were significant differences in the warning rainfall thresholds for debris flow disasters in different regions of the study area. The typhoon-induced debris flow warning model provides a scientific basis for the early warning and prediction of debris flows in typhoon-prone area of China.
2 DATA SOURCES AND ANALYTICAL METHODS
The development of the proposed warning model included the following three major steps (Figure 1): 1) Statistics on characteristic rainfall of typhoon-induced debris flows; 2) obtaining rainfall thresholds for five geological factors; 3) building a warning model for typhoon-induced debris flows by integrating rainfall thresholds with geological factors; and validate the warning model.
[image: Figure 1]FIGURE 1 | Flowchart of the procedure for constructing the warning model for typhoon-induced debris flows.
2.1 Research data
Wenzhou, located in the southeastern region of Zhejiang Province, China, was chosen as the study area in this research. This city had a population of approximately 8.318 million at the end of 2022 and occupies a land area of approximately 12,102.7 km2, four-fifths of which is mountainous with a fragile geological environment. The geological structure belongs to the southeastern Zhejiang Fold Belt of the South China Fold System, with a large amount of volcanic clastic rocks, extrusive rocks, and intrusive rocks. The geomorphic unit belongs to the southern branch of the Lingnan Mountains in China, mainly consisting of medium and low mountains. The mountains are generally oriented in a northeast to southwest direction, and the slopes are in a stepped shape from southwest to northeast. The highest point has an altitude of 1,611.3 m (Bai Yun Jian). The area falls within the subtropical marine monsoon climate zone, characterized by distinct seasons and abundant rainfall. The annual average temperature ranges from 16.0°C to 18.1°C, and the annual average rainfall ranges from 1,255 mm to 2009 mm. The rainfall shows a bimodal pattern, with relatively less rainfall in summer and winter, and abundant rainfall in the rainy season and typhoon season. The vegetation types in the area include subtropical evergreen broadleaf forests, subtropical mixed evergreen broadleaf and deciduous broadleaf forests, mixed coniferous and broadleaf forests, pure coniferous forests, and bamboo forests.
Debris flow data were collected from Wenzhou Natural Resources and Planning Bureau. Between 1999 and 2022, 279 debris flows occurred in the study area, with an average of 11.6 per year. The temporal distribution was extremely uneven, with 85.6% of the debris flows occurring from August to September. Of the 279 debris flows, 184 were directly induced by typhoon rainstorms, accounting for 65.9%. Among the 184 typhoon-induced debris flows, detailed rainfall data were available for 180 debris flows that were induced by eight typhoons. These 180 debris flows were selected as the calculation objects in this study. Among the eight typhoons, seven typhoons were selected as statistical samples, and the last typhoon (Lekima) was selected for validation of the model, in which 21 debris flows occurred (Zhou et al., 2022) (Table 1; Figure 2).
TABLE 1 | Table of 180 typhoon-induced debris flows in the study area.
[image: Table 1][image: Figure 2]FIGURE 2 | Map of the meteorological stations and debris flows in the study area (Wenzhou City, Zhejiang Province, China).
Hourly rainfall data during the eight typhoons that triggered the abovementioned debris flows were collected from the Department of Meteorology and Water Resources of Wenzhou, and the accuracy of the rainfall data was 0.1 mm. According to the time when each debris flow occurred, the maximum rainfall of the characteristic periods (1, 3, 6, 12, 24, and 48 h) before the disasters’ occurrence was calculated as the characteristic rainfall and used for statistical analysis.
There were 91 meteorological rainfall stations in the study area at the time, and they were relatively scattered in their spatial distribution. Due to the differences in the spatial distribution of the rainfall data measured by the stations, some filtering steps were implemented to reduce the spatiotemporal variability of the rainfall data. Firstly, Kriging interpolation was used to analyze the spatial distribution of rainfall throughout the study area. Then the points of debris flow disasters were projected onto the rainfall isoline map of the corresponding typhoon rainstorms, and the characteristic rainfall was obtained. Further, to eliminate the interference of abnormally low value data, characteristic rainfall was filtered according to China’s Meteorological Administration’s definition. The screening principles were as follows: 1) 1-h rainfall ≥ 16 mm, 2) 12-h rainfall ≥30 mm, or 3) 24-h rainfall ≥50 mm. After filtering, 911 sets of rainfall data were obtained for calculating the rainfall thresholds for debris flows.
According to the China Geological Hazard Meteorological Risk Early Alert Standard, the early alert level for the meteorological risk of geological hazards is divided into four levels: a blue alert corresponds to a 0%–30% probability of a burst of debris flow, a yellow alert corresponds to a 30%–50% probability of a burst of debris flow, an orange alert corresponds to a 50%–80% probability of a burst of debris flow, and a red alert corresponds to a ≥80% probability of a burst of debris flow (Table 2).
TABLE 2 | Correspondence between the probability of the exceeding the rainfall threshold of debris flows and alert levels.
[image: Table 2]2.2 Basic rainfall threshold model
The basic rainfall threshold model in this research is the intensity–duration (I-D) rainfall model (Equation 1), which is a strong and valid simplification of the rainfall thresholds of debris flows (Caine, 1980). I-D rainfall model has been used worldwide. In this model, the rainfall parameters are representative and operable, and the formula is a simple power law, making it relatively easier to combine with geological background for rainfall threshold statistical analysis. Therefore, this study adopts this model as the basic model. The I-D rainfall model has been proven workable for rainfall with a duration from 10 min to 10 days (Ozturk et al., 2018). Its form is:
[image: image]
where [image: image] is the rainfall intensity (mm/h) and [image: image] is the duration (hr). [image: image] and [image: image] are the curve’s parameters, which vary with the geological features of the study area.
2.3 Choice of geological factors
Typhoon-induced debris flow is mainly started in the form of collapse and landslide during typhoon rainstorm. The selection of geological factors is mainly based on this specific formation conditions of typhoon-induced debris flow. First, distribution of rock and soil determine the source of solid materials, the geological groups of the rock masses (M) and the thickness of the loose layer on the slope (H) were selected to reflect the formation of debris flows. Second, the terrain conditions are selected. The longitudinal drop of the gully (J) represent the terrain potential energy, under which the debris flow was formed, and the gully’s drainage area (E) reflected the water conditions. Finally, more and more studies show that Vegetation types (G) have a great impact on slope stability, so it is used as a factor affecting the outbreak of debris flow.
1) Geological groups of the rock masses (Li et al., 2011): These reflected the changes in the physical and mechanical properties of the loose layer on the slope’s surface during the initiation of a debris flow caused by the infiltration of rainfall. Based on the combination of the geological lithology, rock strength, weathering resistance, structural types, and geological characteristics of the rock masses in the study area, the rock masses were divided into four groups, as shown in Figure 3.
2) Thickness of the loose layer on the slope: This reflected the sources of solid material in debris flows. According to the drilling data and the statistical thickness of landslides in the study area, most of the slopes’ loose layers had a thickness of 0.5–3.5 m, so the maximum and minimum soil thicknesses were assumed to be from 3.5 to 0.5 m (Salciarini et al., 2008); therefore the thickness of the loose layer on the slope was as shown in Equation 2.
[image: image]
where [image: image] and [image: image] are the maximum and minimum thickness, and [image: image] and [image: image] are the maximum and minimum elevation, respectively.
3) Longitudinal gradient of the gully: This reflected the conditions of potential energy for outbreaks of debris flows. The height difference and the length of the main ditch were taken from the 1:10,000 topographic map. This characteristic was calculated as shown in Equation 3:
[image: image]
where [image: image] is the length of the main gully in km, [image: image] is the maximum elevation of the gully with the debris flow, and [image: image] is the minimum elevation of the gully with the debris flow.
4) The gully’s drainage area: This reflected the convergence conditions and hydrodynamic characteristics of the watershed. It determined the water source conditions for the outbreak of debris flows. The drainage area was derived from 1:10,000 topographic maps.
5) Vegetation types: These reflected the consolidating effects of the vegetation’s roots on the soil during outbreaks of debris flows. Vegetation data in this study were obtained from ESA Landcover’s 300 m dataset (Harper et al., 2023), as shown in Figure 3.
[image: Figure 3]FIGURE 3 | Map of vegetation types (left) and geological groups of the rock masses (right) in the study area.
The geological factors and their groupings are shown in Table 3.
TABLE 3 | Table of geological factors.
[image: Table 3]2.4 Weights of geological factors
DCM was proposed by Shortliffe (Shortliffe and Buchanan, 1975) and improved by Heckerman (Heckerman, 1986). As a probabilistic function, the DCM can analyze the sensitivities of different factors at the time of an event, and it has been widely used in research on the assessment of rainfall hazards.
In this study, the DCM was used to derive the weights of the geological factors and to establish the refined rainfall thresholds of debris flows. The probability functions of the DCM are shown in Equation 4.
[image: image]
where [image: image] is the deterministic coefficient, where the more significantly the [image: image] value of a geological factor changes between −1 and 1, the stronger its impact on the occurrence of debris flow disasters; [image: image] is the conditional probability of the occurrence of a debris flow for factor classification a, which can be expressed as the ratio of the number of geo-hazards in factor classification a to the area of factor classification a; and [image: image] is expressed as the ratio of the total number of hazards to the total area in the study.
After the [image: image] was obtained by the DCM, the sensitivity index [image: image] was introduced to normalize the [image: image], as shown in Equation 5.
[image: image]
where [image: image] is the impact index of the sensitivity factor on the disaster response, and [image: image] and [image: image] represent the maximum and minimum values of the sensitivity factor, respectively. The integrated weights of factors were obtained based on the normalization method.
2.5 A warning model for debris flow
Based on the I-D curve parameters obtained from the various geological factors and the weights of each factor, refined rainfall thresholds for typhoon-induced debris flows were obtained, and the warning model for typhoon-induced debris flows was constructed as shown in Equations 6–8.
[image: image]
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Where [image: image] and [image: image] are the refined rainfall threshold parameters, [image: image] and [image: image] are the calculated rainfall threshold parameters for each geological factor, and [image: image] is the weight of each geological factor.
2.6 Validation by ROC analysis
The ROC analysis technique is a binary classifier model that typically quantitatively describes the threshold model’s performance in terms of true positives [image: image], false positives [image: image], true negatives [image: image], and false negatives [image: image]. The meanings of [image: image], [image: image], [image: image], and [image: image] are shown in Figure 4. In addition, based on the ROC indicators, the accuracy [image: image], miss rate [image: image], and False alarm [image: image] were used as the test criteria of the performance of the geo-hazard threshold in this research (Bennett et al., 2016).
[image: Figure 4]FIGURE 4 | The validation matrix.
3 CONSTRUCTION OF A WARNING MODEL FOR TYPHOON-INDUCED DEBRIS FLOWS
3.1 Rainfall thresholds of different geological factors
Typhoon-induced debris flows are affected by a combination of many internal and external factors. Previous studies only considered them in terms of unified threshold indicators. To improve the accuracy of the rainfall threshold, debris flow disaster points were classified by geological factors, and the rainfall thresholds of debris flows were calculated separately. The rainfall threshold curves were obtained for each geological factor (Figure 5; Table 4).
[image: Figure 5]FIGURE 5 | Debris flow rainfall threshold curves for geo-environmental factors under red alerts.
TABLE 4 | Parameters of the rainfall threshold curves for debris flow for the geological factors at different alert levels.
[image: Table 4]In the rainfall threshold curves, α is a proportional constant. Its physical meaning is the amount of rainfall that triggers a geological disaster when the duration of rainfall (D) is one. For the different geological factors in the study area, the trend of the α-value varied greatly from 32.28 to 58.96. Another influencing factor of α is the probability of a burst of debris flows; α increased obviously as the probability of a burst of debris flows increased. Regarding another important parameter β in the rainfall threshold curves, the β-value characterizes the rate at which the intensity of rainfall (I) that triggers geological hazards decreases with increasing duration. The β-value varied from 0.36 to 0.57 in the study area.
There were four geological groups of the rock masses in the study area. Among them, the thresholds for volcanic clastic rock formations (IH), intrusive rock formations (IQ), and lava rock formations (IR) were relatively low, indicating that these three geological groups were prone to debris flow disasters, while the thresholds for sedimentary rock formations (IS) were relatively high. As for the thicknesses of the loose layer on the slope, the rainfall thresholds for debris flows decreased as the thickness of the loose layer on the slope in-creased. As for the gully’s longitudinal gradient, the rainfall threshold decreased as the longitudinal gradient increased in the study area, reaching the lowest thresholds within the range of 200‰ and 400‰. Regarding the gully’s drainage area, the rainfall thresholds of debris flow were relatively low in the interval of S ≥1.0 km2, followed by the interval within 0.1 km2 ≤ S < 0.5 km2. As for the vegetation types, the rainfall threshold for the occurrence of debris flows in urban areas was the lowest, indicating that the lack of the roots of vegetation in urban areas made it easier for debris flows to occur. The rainfall thresholds for outbreaks of debris flow for mixed trees and shrubs were relatively high.
3.2 Deriving the weights of the geological factors
The DCM was used to derive the weights of the geological factors, as shown in Table 5. The deterministic coefficient showed that the maximum [image: image] value for the geological groups of the rock masses was for sedimentary rock (0.7912), which was more prone to debris flows under the effect of rainfall. As for the thickness of the loose layer on the slope, when H3 ≥ 3, the [image: image] reached a maximum (0.3111). Regarding the gully’s longitudinal gradient, when 300 ≤ J4 ≤ 400, the [image: image] reached a maximum (0.9604), where the probability of a debris flow occurring was the largest. As for the gully’s drainage area, when 0.1 ≤ S2 ≤ 0.5, the CF reached a maximum (0.9604), and the results of the deterministic coefficient were consistent with the statistics, i.e., the debris flow in the study area mainly occurred in the interval of 0.1–0.5 km2. Regarding the vegetation type, the [image: image] reached the maximum (0.4543) for the mix of trees, shrubs, and grasses.
TABLE 5 | Calculated weighting coefficients of the geological factors.
[image: Table 5]Typhoon-induced debris flows occurred because of multiple factors, and there were complex interactions among the factors, so a sensitivity index was used in this study to investigate the factors’ interactions. The results showed that the sensitivity indexes of the geological group of the rocks and vegetation type were greater than 1, which were the main controlling factors for debris flows in the study area (Ma et al., 2015).
3.3 Obtaining refined rainfall thresholds
Based on the weights of the various geological factors, and the rainfall threshold parameters for the different geological factors, refined rainfall threshold parameters were obtained for typhoon-induced debris flow disasters in the study area (Figure 6). The results showed that the change in the α-value under a blue alert was between 6.69 and 12.54, with an average of 8.17. As the alert level increased, the α-values also increased accordingly; the α-value under a red alert varied between 56.47 and 73.64, with an average of 65.96. The β-values ranged from −0.41 to −0.49, with an average of −0.45, and the variation was more than that of the α-values.
[image: Figure 6]FIGURE 6 | Distribution of the refined rainfall threshold parameters (α and β) at different alert levels in the study area.
According to the refined rainfall threshold parameters, the rainfall thresholds for debris flow within different time intervals between 1 h and 48 h were calculated under four alert levels (blue, yellow, orange, and red), as shown in Figure 7; Table 6. The results showed that there were significant differences in the rainfall thresholds in regions with different geological backgrounds. The north-central region of the study area was prone to outbreaks of debris flows with short rainfall durations, while the probability was higher in the northern and western mountainous regions under long durations, influenced by the change in the β-values.
[image: Figure 7]FIGURE 7 | Contour plot of 1–48 h rainfall thresholds of debris flow under red alerts.
TABLE 6 | The rainfall thresholds of debris flow with different time intervals under the four alert levels.
[image: Table 6]Compared with the rainfall thresholds of single statistics, the refined rainfall thresholds demonstrated significant variation in the rainfall thresholds at different alert levels for each duration. It also visualized the results of the geological factors and rainfall thresholds of debris flows to provide references for further early alert methods for typhoon-induced debris flows.
3.4 Validation of the warning model for debris flows
The 21 debris flows triggered by Typhoon Lekima were selected for validation of the warning model. As shown in Section 2.1, the cumulative rainfall over 1–48 h during this typhoon was calculated, interpolated via the IDW method, and dynamically compared with the 1–48 h rainfall thresholds under different alert levels to determine the alert level of the study area, and to validate the warning model using the ROC indicator.
Figure 8 shows the alert levels and the distribution of debris flows in the study area during Typhoon Lekima. The results showed that 95.23% of the debris flows in the study area occurred in the area above the orange alert level, and only one debris flow occurred in the blue alert area, so the rainfall thresholds proposed in this study have considerably high accuracy for debris flow warnings. Table 7 shows the evaluation indicators for the alert levels in the study area during Typhoon Lekima, where only the corresponding alert grids and safe area grids were considered for a single alert level. The results showed that considering the performance of a single warning level, the [image: image] was 0.6393 and FA was 0.3607 under yellow alert; for warnings at orange level and above, the ACC was 0.7208, MR was 0.0630, and FA was 0.2794.
[image: Figure 8]FIGURE 8 | Map of alert levels and debris flows during Typhoon Lekima.
TABLE 7 | Evaluation indicators of the warning model of debris flows during Typhoon Lekima.
[image: Table 7]4 DISCUSSION
At the regional scale, traditional rainfall thresholds of geo-hazards generally only had a simple form without considering the geological background. In some studies, rainfall thresholds and the geological background were both considered, but the data were acquired separately, and their combination was qualitative or subjective. In this study, a warning model for typhoon-induced debris flows was proposed based on the integration of rainfall thresholds and geological factors. They were acquired synchronously and quantified objectively. Therefore, this research provides a feasible approach for the spatial refinement of rainfall thresholds and high-precision warnings.
Five geological factors were integrated with the rainfall thresholds of debris flows, and the results showed that there were close relationships between rainfall thresholds and the number and density of debris flow disasters. For example, the geological groups of rock masses had a significant controlling effect on the outbreak of debris flows. The thresholds for volcanic clastic rock formations (IH), intrusive rock formations (IQ), and lava rock formations (IR) were relatively low, while the thresholds for sedimentary rock formations (IS) were relatively high. This was consistent with the distribution of debris flows in the study area, in which volcanic debris rock (H) was the group with the highest number of debris flows, the intrusive rock group (Q) was the group with the highest distribution density of debris flows, and sedimentary rock group (S) was the geological group with the lowest distribution density. Moreover, as the thickness of the loose layer increased, the distribution and density of debris flows increased as well, and the rainfall thresholds of debris flows decreased when the thickness of the loose layer on the slope increased. As for the gully’s longitudinal gradient, the rainfall thresholds were also consistent with the distribution of debris flows: there was a significant increase in the number of debris flows were distributed in areas with a gradient above 200‰, with the highest number of debris flows were distributed in areas with gradients between 300‰ and 400‰. The rainfall threshold decreased as the longitudinal gradient increased, reaching the lowest threshold within the range of 200‰ and 400‰. As for the gully’s drainage area, the number of debris flows in gullies with a drainage area between 0.1 km2 and 0.5 km2 was the highest, indicating that this interval was the catchment area most prone to debris flows, while the rainfall threshold for debris flows was relatively low in areas with S ≥ 1.0 km2 and 0.1 km2 ≤ S < 0.5 km2. There were only a few debris flows in locations with a drainage area of S ≥ 1.0 km2; their rainfall thresholds were the lowest, indicating a larger catchment area can more efficiently capture rainfall to stimulate debris flows. Regarding the vegetation types, the rainfall thresholds indicated that anthropogenic destruction of vegetation lowered the rainfall thresholds of debris flows and aggravated outbreaks.
It was found that due to different geological background conditions, there were significant differences in the warning rainfall thresholds for debris flow disasters in different regions of the study area. From the perspective of short-term rainfall thresholds (1 h and 3 h), the effect of the α-values was more obvious. There was a significant trend of the rainfall thresholds in the southern part of the study area being significantly higher than those in the northern part of the study area. As the duration of rainfall increased, the effect of the β-values became increasingly apparent. The rainfall thresholds for 6 to 48 h showed a relatively small overall change, with locally high or low values. For example, the rainfall thresholds in the northern central parts of the study area were always significantly lower than in other areas, while the rainfall thresholds in the western part of the study area were significantly higher than those in other areas.
Verification using data from a typhoon rainstorm showed that our proposed early warning model for debris flows was very effective, which may greatly improve the efficiency of early warning systems and reduce the waste of social resources. Nevertheless, similar to other statistical models, it was inadequate in simulating the physical mechanism of debris flows using only the rainfall thresholds. From an ideal perspective, combining the physical mechanisms of debris flows with statistical models will further improve the efficiency of early warnings of debris flow disasters.
This study innovatively integrated geological factors with rainfall thresholds. However, due to the complexity of typhoon-induced debris flows, the proposed method cannot completely reflect the process and mechanism of slope failure and instability caused by typhoon rainstorm during debris flow formation. Therefore, in the future, it is worth exploring how to combine the regional-scale debris flow warning model with debris flow formation process and mechanism, so that the warning model can fully reflect the development process of debris flow.
5 CONCLUSION
In this study, 159 debris flows induced by seven typhoons were taken as the research object, and the rainfall thresholds of debris flows were integrated with the geo-environment factors to build an early warning model for typhoon-induced debris flows. Based on this model, refined rainfall thresholds were obtained for different alert levels and time intervals in the study area. The conclusions of this study are as shown below.
(1) To improve the accuracy of the rainfall threshold, points where debris flows occurred were classified according to five geological factors, and the rainfall thresholds of debris flows were calculated separately. Rainfall threshold curves were obtained for each geological factor. The results revealed close relationships between rainfall thresholds and the number and density of debris flow disasters.
(2) The DCM was used to derive the weights of the geological factors. Among them, the geological groups of the rock masses and the vegetation type were the most important geological factors for debris flows.
(3) Based on the parameters of the I-D curve obtained from various geological factors and the weights of each factor, refined rainfall thresholds for typhoon-induced debris flows were obtained, and the warning model was constructed. The results showed that because of different geological backgrounds, there were significant differences in the warning rainfall thresholds for debris flow disasters in different regions of the study area.
(4) The ROC indicator showed that the accuracy of the warning model for debris flows was high. For alerts at orange level and above, the ACC was 0.7207 and the MR was 0.063; 95.23% of the debris flows in the validation cases happened in areas with these alert levels. The results of the study provide a reference for the disaster alerts, forecasting, and risk management in Wenzhou and similar typhoon-prone areas.
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