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Editorial on the Research Topic 
Monitoring, early warning and mitigation of natural and engineered slopes—Volume II


INTRODUCTION
Natural and engineered slopes are widely distributed all over the world (He et al., 2021; Qiu et al., 2022). Due to natural factors or human activity, many slopes are becoming unstable and showing a very high exposure to landslides (Zhou et al., 2022; Pei et al., 2023). Thus, it is necessary to monitor these unstable slopes and conduct early warning accordingly (Zhu et al., 2021; Yang et al., 2022). Recently, with the development of science and technology and the theory of multidisciplinary interaction, they provide new opportunities for the research on early detection, dynamic monitoring and risk reduction of unstable slopes (Liu et al., 2022; Wang et al., 2022). However, efficient detection, low-cost monitoring, accurate early warning, and reliable risk assessment still require further breakthroughs (Qu et al., 2021; Ma et al., 2023). Volume I of this Research Topic received 14 manuscripts last year (Nie et al., 2023). Now Volume II brings together 16 papers designed to present the latest research advances and methods for monitoring, early warning and mitigation of natural and engineered slopes.
SLOPE HAZARDS MECHANISM AND REDUCTION TECHNOLOGY
The stability prediction of soil-rock slopes with complex physical and mechanical properties is an important topic in the field of geological engineering. To study the stability of mine slope under deep bench blasting vibration, Su et al. analyzed mechanical parameters of a mine slope under uniaxial and triaxial instruments by field vibration monitoring and numerical simulation methods. The results show that the overall displacement of the slope is small under the action of dynamic blasting load, and the change of displacement decreases with the decrease of the vibration wave. Fu et al. predicted the stability of soil-rock slope by machine learning algorithm coupled with intelligent optimization algorithm-weighted mean of vectors algorithm (INFO).
Dynamic process and formation mechanisms of landslides are essential to hazard assessment, three different related researches proposed this issue. Yang et al. studied the characteristics and formation mechanism of a debris flow that occurred in Zhangjiayuan gully through field investigation and remote sensing interpretation. Dai et al. used the Xigou debris flow in the Three Gorges Reservoir Region (TGRR) as a case study, the development characteristics and initiation pattern of which were analyzed based on field investigation. Song et al. made a critical area identification and dynamic process simulation for landslide hazard chain formation in the upstream Jinsha River. In another study, the impact pressure and flow velocity in the flow field were measured synchronously using the impact detection system and a particle image velocimetry system in a water channel and the effects of the turbulence structure on the impact process of flash flood were investigated (Gu et al.).
Wang et al. studied the hydrological effects of macropore flow and proposed a mechanistic model of the formation of shallow landslides by introducing the macropore coefficient of granite residual soil. The study results showed that the macropores of vegetation roots had a significant effect by increasing the permeability of granite residual soil. The accuracy of data-driven model is closely affected by the quality of negative samples, Ye et al. proposed a method combining a self-organizing-map (SOM) and a one-class SVM (SOM-OCSVM) to generate more reasonable non-landslide samples. The aforementioned results prove that the proposed method can enhance the performance of ML models to produce more reliable LSM.
In addition, two studies on actual engineering projects are of interest, as they provide experience and techniques from field investigations. Liu et al. studied the development characteristics, distribution, and communication law of ground fissures along the highway using the comprehensive investigation method and technology. The Daofu landslide, Xianshui River Earthquake Zone is a typical landslide directly threatening the road below and forming a debris flow channel. Zhang et al. combined traditional methods (drilling and field investigation) with two geophysical techniques, multichannel analysis of surface waves (MASW) and electrical resistivity tomography (ERT) to effectively determine the electrical characteristics, velocity characteristics and spatial structure of the landslide. Their study indicates the use of MASW and ERT can quickly and effectively characterize the subsurface of landslides to assess landslide risk and prevent debris flow hazards.
THE ECOLOGY AND LAND USE OF THE DISASTER AREA
The effects of geohazards on the ecological environment and ecological spatial pattern have received wide attention from scholars. In this issue, three studies focus on ecological, environmental and land use change in areas affected by geological hazards. Yang et al. explored the land-use evaluation and utilization advice on a debris flow disaster deposit area-The upstream Fujiang River. The author believes that the agriculture scenario can be used in the high soil fertility area, and the potential construction scenario is best suited for infrastructure because of its low soil fertility. Vegetation coverage is an important indicator for evaluating regional environmental. Liu et al. found the vegetation coverage in the Ganjiang River Basin showed a fluctuating increasing trend 2000–2020, and an increasing trend with increasing elevation, the result show that the anti-sustainability effect of vegetation change was stronger than that of sustainability, and weak anti-sustainability was dominant. The findings could provide a scientific basis for the management of regional ecosystems. Sui et al. utilized a quantitative analysis of the ecological recoverability of Jiuzhaigou in cases of artificial restoration and spontaneous restoration under different types of geohazards. Results showed that forests play a vital role in maintaining and controlling habitat quality; artificial restoration can significantly ameliorate the impact of geohazards on the scenic area. The above studies show that geological hazards have a negative effect on local ecosystems, there is a need to quantify this effect, moreover, human restoration contributes to ecosystem recovery.
ENGINEERING PROPERTIES AND MICROCOSMIC MECHANISM OF LANDSLIDE MATERIALS
The other two studies focus on the engineering properties and microcosmic mechanism of different materials. In the first study, Liu et al. explored the mechanical effect of clay under acidic and basic conditions, they thought that the cohesive force and internal friction angle of clay decreases under acidic conditions, whereas in basic conditions the opposite is true. In this study of Cui et al., the engineering properties of remolded diatomite and the effects of cement on the compression characteristic, strength properties and microstructures of cement-stabilized diatomite were investigated. Results show that compared with undisturbed diatomite, the compressibility of the remolded diatomite increases while the strength characteristics decrease. Xu et al. considered the key physical factors of Yunan laterite by laboratory tests, and the dielectric constant model was finally proposed to evaluate the natural water state of the laterite. The results show that the relative dielectric constant of laterite increases gradually with the increasing volumetric water content, dry density and temperature respectively. Their findings provide new prevention and control ideas for soil landslides.
PERSPECTIVES
The new volume of this Research Topic is dedicated to the use of modern technologies, data-based approaches and techniques incorporating multiple disciplines for monitoring, warning and mitigation of natural and engineered slopes. However, under the influence of extreme weather and the construction of large-scale projects, slope failure needs new attention. On this basis, it provides reference for mitigating damage from the following aspects. Ⅰ) Multi-scale and multi-disciplinary integration to analyze the physical mechanism and dynamic process inside the slope; Ⅱ) Early warning and analysis of slope instability based on big data information and field refined detection system; Ⅲ) Innovate green, efficient and sustainable slope post-disaster restoration projects.
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To study the mechanical effect of clay under acidic and basic conditions, typical clay minerals, montmorillonite and illite, were taken as the main research objects in this study. The variation law and mechanism of the cohesive force and internal friction angle were studied by immersing the remoulded soil in HNO3 solution with pH = 3 and NaOH (alkaline waste liquid) with pH = 13.5, respectively. It was found that, under acidic conditions, a corrosion reaction between clay minerals and nitric acid occurred. Except for the medium-term, the cohesion generally shows a decreasing trend, and the internal friction angle has little change. Under alkaline conditions, the cohesion of montmorillonite-quartz sand remoulded soil decreased briefly in the early immersion stage of and increased in the middle and late stages. The internal friction angle increases steadily with the extension of immersion time. The cohesion of illite-quartz sand remoulded soil also decreased first and then increased, while the internal friction angle changed little. X-ray diffraction analysis shows that montmorillonite and illite will corrode under acidic conditions, and no new material will be generated, resulting in a decrease in soil cohesion. Under alkaline conditions, montmorillonite was seriously depleted, resulting in the formation of zeolite minerals (zeolite X, garronite) and new cement hydrated calcium silicate CSH (xonotlite). Strong alkali reacts with illite to generate sodium metaaluminate (NaAlO2) and liquid cement Na2SiO3 (sodium silicate). The formation of new cements is the main reason for the increase in cohesion under acid-base conditions, and chemical corrosion and ion exchange cause a decrease in cohesion.
Keywords: water-soil chemical interaction, acid-base action, montmorillonite, illite, mechanical effect
1 INTRODUCTION
Water is the key factor in soil landslides. Statistics show that water is the main inducing factor for more than 90% of landslide events (Yan et al., 2013; Xu and Liu, 2019; Zhu and Zhang, 2019). The chemical interaction between water and soil plays an important role in the breeding process of soil landslides. Especially in recent years, environmental problems such as acid rain and alkaline waste discharge caused by the rapid development of industry and agriculture have occurred frequently. These chemically active aqueous solutions contact the soil, which will inevitably have a water‒soil chemical interaction and a profound impact on the mechanical properties of the soil.
The influence of soil‒water chemistry on soil mechanical properties is long-term and complex. As early as the 1980s, Gu (1981; 1984; 1984; 1988) carried out related research on the uneven settlement of an alkali recovery workshop in a paper mill in Fujian and the erosion hole of a wall foundation in a glucose workshop in Shanghai. Through field sampling, immersion tests and indoor analysis and identification, it was confirmed that the decrease in soil strength caused by acid and alkali waste liquid erosion was the main reason for the above events. Subsequently, the soil‒water chemical mechanical effect quickly attracted the attention of researchers, and a series of related experimental studies were carried out to explore the trends of changes in the properties of soil under different aqueous chemical environments. For example, Tiwari et al., 2005 studied the effect of pore water salinity on the residual shear strength of soil and found that high concentrations of sodium chloride and calcium chloride aqueous solution had an obvious weakening effect on the strength of soil. Zhao et al. (2007; 2009; 2011) analysed the mineral composition and structure of the sliding surface and studied the influence of soil shear strength variation on landslide formation under acid rain through laboratory tests. Wang et al. (2010) took the subgrade of the Wuhan-Guangzhou high-speed railway as the test background, tested water samples and soil samples at different mileages, analysed the influence of solution chemical properties on the shear strength parameters of soil, and found that ion mass concentration had a strong correlation with cohesion. Gratchev and Towhata (2010; 2013) studied the effect of acid solution on undisturbed soil. The cement calcium carbonate (CaCO3) in the soil corroded in acid, resulting in a decrease in soil cohesion and an increase in compressibility. Yu et al. (2019) also used different concentrations of NaCl solution to soak clay remoulded soil samples and obtained similar results. He et al. (2020) explored the influence of water‒soil chemical processes on the stability of loess slope landslides under the action of acid rain. The leaching test showed that, under acidic conditions, H+ promoted the corrosion of carbonate rocks and made the soil stability worse. In addition, some researchers conducted a series of studies on slope stability under the effect of rainfall by obtaining landslide deformation data and established a coupling model of soil‒water interactions and landslide deformation, which provided a basis for predicting natural disasters such as landslides induced by rainfall infiltration (Ma et al., 2021; Liu et al., 2022; Yang et al., 2022; Zhou et al., 2022). In summary, although previous studies have carried out a great deal of work on the influence of water‒soil chemical interactions on soil strength, it is difficult to clarify the mechanism of the water‒soil chemical mechanical effect due to the complexity of the soil mineral composition. As the main secondary mineral, clay minerals have complex physical and chemical interactions with water, which have a great influence on the mechanical properties of soil. However, few people have carried out systematic studies on the mechanical effect and mechanism of clay under water‒soil chemical interactions.
Cohesion and internal friction angle are important indicators for evaluating the stability of soil slopes. To explore the water‒soil chemical mechanical effect of clay, in this paper, the typical clay minerals montmorillonite and illite were taken as the cement to make up montmorillonite-quartz sand remoulded soil and illite-quartz sand remoulded soil. The variation laws and mechanisms of cohesion and internal friction angle of soil under the action of acid rain and alkaline waste liquid were systematically studied, which not only provide a theoretical basis for revealing the breeding mechanism of soil landslides but also have important practical significance for the early warning and prevention of soil landslides.
2 MATERIALS AND METHODS
2.1 Test materials
In this study, the basic parameters of montmorillonite and illite samples are selected as shown in Table 1. The purity of the montmorillonite sample was 97%, and the chemical formula was Ca0.2(Al,Mg)2SiO10(OH)2.4H2O, belonging to calcium montmorillonite. Due to the difficulty in the purification of illite, the purity of illite samples used in this study was low, 88.46%. In addition to illite, the samples also contained impurities such as quartz and mica. By X-ray diffraction (XRD) analysis, the chemical formula of illite in the sample was (K,H3O)Al2Si3AlO10(OH)2, which is a potassium-based illite. The average particle size of the quartz sand used in the experiment is approximately 192.59 μm, the silicon content is more than 99.5%, and the hardness is 7.8, which meets the experimental requirements.
TABLE 1 | Basic parameters of clay mineral samples.
[image: Table 1]In terms of aqueous solution, concentrated nitric acid (mass fraction: 66.5%) and NaOH (mass fraction: 96%) of analytical purity were used in this study. HNO3 solution with pH = 3 and NaOH solution with pH = 13.5 were prepared to simulate acid rain and alkaline waste liquid, respectively. The mechanical parameters of the remoulded soil and the physical-chemical parameters of the solution under the action of acid and alkali were studied through immersion tests.
2.2 Experimental design
In this study, the density of the remoulded soil is 2.0 g/cm3 (clay ρ = 1.8–2.0 g/cm3 (Gong et al., 1996)), and the clay mineral content is 10% (when the clay mineral content reaches 5%, the strength of the soil can be significantly affected (Yong et al., 1984), and 10% content should be sufficient to reflect its mechanical effect). The preparation process of the remoulded soil was as follows: clay minerals (montmorillonite or illite) and quartz sand were fully mixed on the test bench first, a certain amount of chemical solution (HNO3 solution at pH = 3 or NaOH solution at pH = 13.5) was added, and the mixture was fully mixed again. After reaching the control moisture content (17.65%) throughout the sample, 120 g of wet soil sample was weighed and compacted in the 60 cm3 cutting ring (Φ61.8 × 20 mm). Five remoulded soil samples were placed in a 2 L large-calibre beaker with a cutting ring (five remoulded soil samples were Group 1). The soil samples were separated by permeable stone, injected with 1.8 L of the corresponding chemical solution and sealed with fresh-keeping film. The soil samples were placed in a biochemical incubator at constant temperature (20°C) for a certain time (1, 3, 5, 10 days, 15 days). The pH and conductivity of the solution were measured, and the direct shear test (fast shear) was immediately performed on the remoulded soil samples to measure the cohesion and internal friction angle.
3 RESULTS
3.1 Variations in the solution parameters and mechanical parameters of montmorillonite-quartz sand remoulded soil
3.1.1 Variations in HNO3 solution parameters and cohesion of montmorillonite-quartz sand remoulded soil
Acid rain is a serious environmental problem caused by fossil fuel combustion and automobile exhaust emissions. In recent years, with the adjustment of energy resources and the development of transportation, the type of acid rain has gradually changed from the sulfuric acid type to the mixed type and nitric acid type, and the acidity has shown an increasing trend (Zhang et al., 2010; Qiao et al., 2017). The pH of acid rain in some areas is even less than 3, and the minimum is approximately 2.8 (Sun et al., 1994). To explore the influence of acid rain on the mechanical properties of clay exposed to environmental pollution, HNO3 solution with pH = 3 was selected for the immersion test in this study. The variations under acidic conditions are shown in Figure 1.
[image: Figure 1]FIGURE 1 | Variations in the solution parameters and cohesion of montmorillonite remoulded soil under acidic conditions. (A) Variation of pH; (B) Variation of electrical conductivity; (C) Variation of cohesion.
Under acidic conditions, the pH values were 3.51, 3.7, 3.73, 4.73 and 5.51 after soaking for 1, 3, 5, 10 and 15 days, respectively; the variation values of conductivity were -190, -242.9, -258, -307.7 and -305.5 μS/cm, respectively. With the extension of soaking time, the pH of the soaking solution showed an increasing trend and finally reached a nearly neutral value. The conductivity EC showed an overall decrease, and gradually slowed down in the later stage. Quartz sand was resistant to corrosion, and only montmorillonite could react with nitric acid, which consumed H+ in the solution and generated corresponding nitrates. At the same concentration, the conductivity of salt solution was usually weaker than the one of corresponding strong acid. So, with the reaction, the conductivity gradually decreased and finally stabilized, indicating that the reaction reached equilibrium.
It can be seen from Figure 1C the cohesion of montmorillonite remoulded soil under acid conditions shows a trend of first decreasing, then increasing and then decreasing. When soaked for 10ays–15 days, the cohesion decreased from 33.84 kPa to 22.31 kPa, which was lower than the cohesion value at the initial stage of soaking. Overall, except for the middle point (10 days), the cohesion decreased generally. However, after many repeated tests, the phenomenon of cohesion increase in the middle stage always exists and cannot be ignored.
3.1.2 Variations in NaOH solution parameters and cohesion of montmorillonite-quartz sand remoulded soil
The alkaline waste liquid produced in the process of industrial production in China is mostly discharged from paper mills, with pH as high as 12.94 (Gu, 1988) and strong alkalinity. In addition, the pH value of highly alkaline pore water formed during the operation of the nuclear waste repository is usually greater than 13, up to 13.5 (Ramirez, 2002), and the solutes are mainly NaOH and KOH (Berner, 1992). Direct contact between these alkaline waste liquids and soil will also cause changes in soil mechanical properties. In this study, NaOH solution with pH = 13.5 was used for the immersion test. The variations in the solution parameters and cohesion of montmorillonite-quartz sand remoulded soil are shown in Figure 2.
[image: Figure 2]FIGURE 2 | Variations in the solution parameters and cohesion of montmorillonite remoulded soil under alkaline conditions. (A) Variation of pH; (B) Characteristics of electrical conductivity; (C) Variation of cohesion.
Under alkaline conditions, the pH and conductivity of the solution showed an overall decreasing trend, indicating that montmorillonite reacted with a strong alkali and consumed OH− in the solution. At the initial stage of the reaction, the pH and electrical conductivity decreased significantly. From 1 d to 5 days, the pH and electrical conductivity changed from 13.36 and -5.0 mS/cm to 13.28 and -6.55 mS/cm, respectively. After 10 days, the pH decreased slowly, while the electrical conductivity rebounded. Finally, the pH value was 13.18, and the electrical conductivity changed to 8.01 mS/cm after 20 days.
Figure 2C shows that, under alkaline conditions, the cohesive force of montmorillonite-quartz sand remoulded soil showed an overall trend of first decreasing and then increasing. The cohesive force decreased briefly in the early stage of immersion (1 d–5 days), although the cohesive force fluctuated in the middle and late stages of immersion, it generally showed an increasing trend.
3.2 Variations in solution parameters and mechanical parameters of illite-quartz sand remoulded soil
3.2.1 Variations in hno3 solution parameters and cohesion of illite-quartz sand remoulded soil
The physical and chemical parameters and cohesion value under acidic conditions are shown in Figure 3. Under acidic conditions, the pH showed an increasing trend, while the conductivity EC decreased, indicating that the chemical reaction between illite and strong acid HNO3 consumed H+ in the solution and generated the corresponding nitrate. Under the same concentration conditions, the salt conductivity is usually weaker than the corresponding strong acid conductivity, so the overall conductivity decreased. At the same time, of the above changes in pH and conductivity, the cohesion value showed the characteristics of first decreasing, then increasing and then decreasing. Under acidic conditions, the cohesion of illite remoulded soil increased in the middle stage, which was similar to that of montmorillonite remoulded soil. In general, except for the middle stage of immersion, the cohesion showed a decline.
[image: Figure 3]FIGURE 3 | Variations in the solution parameters and cohesion of illite remoulded soil under acidic conditions. (A) Variation of pH; (B) Variation of electrical conductivity; (C) Variation of cohesion.
3.2.2 Variations in naoh solution parameters and cohesion of iillite-quartz sand remoulded soil
Under alkaline conditions (Figure 4), the pH was generally decreased, indicating that illite reacted with the strong alkali and consumed OH−. However, with the progress of the reaction, the pH rebounded slowly. After 10 days of reaction, the pH range was stable at 12.81–12.83, indicating that alkaline substances were generated in the reaction, and the pH gradually increased with the increase in alkaline substances. The overall electrical conductivity showed an increasing trend, indicating that the reaction generated soluble substances with strong conductivity, which increased the ion concentration of solution, such as K+ between illite layers.
[image: Figure 4]FIGURE 4 | Variations in the solution parameters and cohesion of illite remoulded soil under alkaline conditions. (A) Variation of pH; (B) Variation of electrical conductivity; (C) Variation of cohesion.
The cohesion of illite-quartz sand remoulded soil showed a trend of decreasing first and then increasing. On the 5th day of reaction, the cohesion entered a stage of slow increase, and the later change gradually stabilized, with the range of cohesion values ranging from 16.42 to 17.63 kPa.
3.3 Variation characteristics of the internal friction angle under acid-base conditions
The change in the internal friction angle of montmorillonite-quartz sand remoulded soil and illite-quartz sand remoulded soil under acid and alkali conditions is shown in Table 2. Whether under acidic or alkaline conditions, the internal friction angle of illite-quartz sand remoulded soil showed little change. For montmorillonite-quartz sand remoulded soil, the internal friction angle remained basically unchanged under acidic conditions, while the internal friction angle increased steadily as the immersion time was prolonged under alkaline conditions.
TABLE 2 | Variations in the internal friction angle of clay mineral remoulded soil under acid-base conditions.
[image: Table 2]On the basis of the aforementioned changes in cohesion and internal friction angle, considering that the vertical pressure provided by the soil landslide is small (the thickness of the soil landslide is mainly concentrated in the two intervals of 0–5 m and 5–10 m (Qiu et al., 2012), and the density of the landslide soil is 2.0 g/cm3 (Gong, 1996), the vertical pressure values at thicknesses of 5 m and 10 m are only approximately 0.1 MPa and 0.2 MPa, respectively), the shear strength of illite-rich soil under acid and alkali action is consistent with the change in cohesion. For montmorillonite-rich soil, the change in shear strength is consistent with the change in cohesion under acidic conditions, and the shear strength increases overall under alkaline conditions.
4 MECHANISM ANALYSIS OF COHESION CHANGE
Cement is an important source of soil cohesion. In this study, the cement of the remoulded soil is mainly clay minerals. Under the action of acid and alkali, the chemical reaction between clay minerals and solution is an important reason for the change in cohesive force of remoulded soil. Therefore, based on the X-ray diffraction (XRD) analysis of the mineral composition changes of montmorillonite and illite samples before and after immersion, this study studied the change mechanism of remoulded soil cohesion under different water‒soil chemical interactions, combined with the changes of solution parameters.
4.1 Variation mechanism of cohesion of montmorillonite-quartz sand remoulded soil under acid-base action
4.1.1 Variation mechanism of cohesion of montmorillonite-quartz sand remoulded soil under acidic conditions
The XRD patterns of montmorillonite soaked in pH = 3 HNO3 and the original samples were superimposed and analysed. The results are shown in Figure 5. The intensity of the characteristic peaks of montmorillonite minerals changed. The intensity of the characteristic peaks with a diffraction angle of 5.7° decreased greatly from 1990 to 1,204, while the diffraction angles were consistent, which were 5.71° and 5.79° before and after soaking, respectively. The characteristic peak intensity of montmorillonite minerals at approximately 29° also decreased from 495 to 201, and the corresponding angles before and after soaking were 29.47° and 29.06°, respectively, which were consistent. The intensity of the characteristic peaks of other components in the sample did not change significantly, nor did the characteristic peaks of new substances appear. This shows that only montmorillonite minerals have a large degree of loss, and no new substances are generated after the montmorillonite samples reacted with HNO3. The chemical reactions in this process are shown in Eq. 4-1:
[image: image]
[image: Figure 5]FIGURE 5 | Comparison of XRD results of montmorillonite samples before and after immersion in HNO3 solution.
Based on XRD pattern analysis, combined with the variations of solution parameters and cohesion under acid conditions described in the previous section, it is considered that HNO3 will corrode and consume montmorillonite, resulting in the cementation being reduced in the sample, which was macroscopically manifested as a decrease in the cohesion of the remoulded soil. However, the increase in cohesion in the middle stage indicated that new cements were generated, which can provide greater cohesion for the soil, while no new material was found in the XRD pattern.
4.1.2 Variation mechanism of cohesion of montmorillonite-quartz sand remoulded soil under alkaline conditions
The XRD pattern of montmorillonite soaked in pH = 13.5 NaOH solution was superimposed with the original pattern of montmorillonite, and the results are shown in Figure 6. Compared with the XRD pattern of the original sample, the XRD pattern of the soaked samples changed significantly. The characteristic peak of montmorillonite minerals at approximately 5.7° shifted from 5.71° to 6.53°, and the intensity of the characteristic peak decreased sharply from 1990 to 519. The conversion from calcium montmorillonite (Ca0.2(Al,Mg)2SiO10(OH)2.4H2O) to sodium montmorillonite (Na0.3(Al,Mg)2Si4O10(OH)2·4H2O) indicates that Ca2+ in the montmorillonite structural layer was replaced by Na+ in the NaOH solution. The characteristic peak intensity of montmorillonite minerals at approximately 29° decreased from 495 to 204, and the corresponding angles before and after soaking were 29.47° and 29.42°, respectively, which were consistent. In addition, there are new characteristic peaks in the XRD patterns of the soaked montmorillonite samples. Comparative interpretation of the diffraction card database (PDF2) demonstrates that these new substances are mainly zeolite minerals (zeolite X, garronite) and calcium silicate hydrate CSH (xonotlite). Among these, calcium silicate hydrate CSH is a common cement in industrial cement, which includes ionic compounds connected with each other by chemical bonds; its bond strength is much larger than the van der Waals force between the montmorillonite layers.
[image: Figure 6]FIGURE 6 | Comparison of XRD results of montmorillonite samples before and after immersion in NaOH solution.
Combined with the XRD analysis results, the reaction process mainly includes the following steps:
1) Ion exchange shown in eqs. 4–2 and 4–3:
[image: image]
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2) The main components of montmorillonite minerals, silicon (SiO2) and aluminium (Al(OH)3), react with Ca(OH)2 by the chemical reactions shown in Eqs 4–4 and 4–5:
[image: image]
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3) The formation of zeolite minerals and hydrated calcium silicate CSH
Calcium silicate CaSiO3 and calcium metaaluminate Ca(AlO2)2 further reacted to form aluminium-rich silicate mineral-zeolite minerals with higher Al/Si (atomic ratio of 0.5) than montmorillonite minerals (the Al/Si atomic ratios of zeolite X and garronite were 1.0 and 0.6, respectively). The residual Si atoms are retained in the form of cement hydrated calcium silicate CSH (xonotlite), which provides new and greater cohesion for the remoulded soil.
Combined with the variation in pH and EC, the change mechanism of the cohesive force of montmorillonite-quartz sand remoulded soil under alkaline conditions is analysed as follows:
1) At the beginning of the reaction, the strong alkali solution will corrode clay minerals so that the montmorillonite content in remoulded soil is greatly decreased, resulting in a decrease in cohesion. The montmorillonite denaturation (that is, from calcium montmorillonite to sodium montmorillonite) caused by ion exchange also plays a certain role in promoting the process.
2) The strong alkali reacts with montmorillonite to form a new cement hydrated calcium silicate CSH. Since CSH is connected by chemical bonds, with the increase in CSH production, the cohesion of remoulded soil stops decreasing and increases.
3) The pH value remained essentially unchanged in the middle and late stages, indicating that the reaction between the strong alkali solution and montmorillonite was largely complete. This may be due to the attachment of calcium silicate hydrate CSH and zeolite minerals to the surface of the montmorillonite, which blocked the contact between the strong alkali solution and montmorillonite. However, this does not affect the ion exchange between the high-valence exchangeable cation Ca2+ between the montmorillonite layers and the low-valence Na+ in the solution, resulting in an increase in the thickness of the dielectric layer of montmorillonite minerals, a decrease in the force between layers, and ultimately a decrease in cohesion.
4) The solubility of Ca(OH)2 is low. With the continuous exchange action, the concentration of Ca(OH)2 in the soil solution reaches saturation and precipitates. Since the precipitation of Ca(OH)2 involves ionic compounds, the cohesion rebounds in the later stage of immersion.
4.2 Variation mechanism of cohesion of lllite-quartz sand remoulded soil under acid-base action
4.2.1 Variation mechanism of cohesion of illite-quartz sand remoulded soil under acidic conditions
The illite samples soaked in pH = 3 HNO3 for some period of time were tested by XRD, and the patterns were superimposed and analysed with the original illite. The results are shown in Figure 7.
[image: Figure 7]FIGURE 7 | Comparison of XRD results of illite samples before and after immersion in HNO3 solution.
Figure 7 shows that, after the sample was soaked in pH = 3 HNO3, the intensity of the characteristic peaks of illite minerals at a diffraction angle of approximately 9° decreased significantly from 155.60×103 to 132.97×103, and the corresponding angles of the characteristic peaks before and after soaking were 8.9° and 8.98°, respectively, which were consistent. The characteristic peak intensity of illite minerals at approximately 17.8° also decreased from 61.56×103 to 50.63×103, and the corresponding angles before and after soaking were 17.78° and 17.86°, respectively, which were also consistent. There is no obvious change in the intensity of characteristic peaks of other components in the sample, and there is no formation of characteristic peaks of new substances. This indicates that only illite has a large degree of loss after interacting with HNO3, and no new substance is generated. Combined with the chemical formula of illite, the chemical reaction involved in this process is as follows (4–6):
[image: image]
Considering the changes in pH and conductivity EC of the acid solution, it can be considered that HNO3 corroded illite, which reduced the content of illite in the sample and led to a decrease in cohesion of the remoulded soil. The cohesion increased firstly and then decreased after the first decline. This growth process suggests the presence of substances that provide greater cohesion, but the XRD pattern shows that no new substances were generated. The phenomenon of increased cohesion in the middle stage has appeared more than once in this study, and its mechanism is still unclear.
4.2.2 Variation mechanism of cohesion of illite-quartz sand remoulded soil under alkaline conditions
The XRD pattern of the illite sample soaked in pH = 13.5 NaOH solution was superimposed with that of the original illite sample, and the results are shown in Figure 8.
[image: Figure 8]FIGURE 8 | Comparison of XRD results of illite before and after immersion in NaOH solution.
Compared with the original illite sample, the map of the illite sample soaked in strong alkali changed to a certain extent, mainly showing a decrease in the intensity of various mineral characteristic peaks, but no new material characteristic peaks were generated. Figure 8 shows that, after soaking in pH = 13.5 NaOH solution, the intensity of the characteristic peaks of illite minerals at diffraction angles of approximately 9° and 17.8° decreased to 151.77×103 and 58.26×103, and the corresponding angles of the characteristic peaks after soaking were 9.0° and 17.9°, respectively, which were consistent. In addition, the intensity of the characteristic peaks corresponding to quartz in the sample also changed significantly, the intensity of the characteristic peaks at a diffraction angle of approximately 27° decreased significantly from 731.41×103 to 659.10×103, and the corresponding angles of the characteristic peaks before and after soaking were 26.68° and 26.8°, respectively, which were consistent. The characteristic peak intensity of quartz at approximately 21° also decreased from 159.86×103 to 150.92×103, and the corresponding angles before and after soaking were 20.9° and 21.02°, respectively, which were also consistent.
This indicates that illite and quartz in the sample were both depleted after reaction with strong alkali, especially quartz, but no new solid material was generated. The chemical reaction of quartz and the main components of illite minerals (silica (SiO2) and aluminium (Al(OH)3)) with NaOH are shown in Eqs. 4–7 and 4–8:
[image: image]
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Sodium silicate (Na2SiO3) and sodium metaaluminate (NaAlO2) are strong alkaline and weak acid salts, respectively. During the reaction, the amount of production increases gradually, resulting in a slow recovery of pH. At the same time, since the above two products are soluble in water, they were not found in the XRD pattern of the samples after washing, filtering and drying. Combined with the above variations in pH and conductivity EC, it can be considered that NaOH corroded illite at the initial stage, which reduced the content of illite in the remoulded soil, so the cohesion fell. In addition, Na2SiO3 generated by the reaction of strong alkali with illite, also known as sodium silicate, has a certain degree of adhesion. As the amount of Na2SiO3 increased, the cohesion of the remodeled soil stopped decreasing and increased instead.
5 CONCLUSION AND DISCUSSION
5.1 Conclusion
1) Under acidic conditions, for both montmorillonite-quartz sand remoulded soil and illite-quartz sand remoulded soil, as the reaction proceeded, the pH showed an increasing trend, the conductivity EC decreased overall, and cohesion showed the law of first decreasing, then increasing and then decreasing. On the whole, except for the medium immersion period, the cohesion decreased overall.
2) Under alkaline conditions, for montmorillonite-quartz sand remoulded soil, the cohesion decreased briefly in the early immersion stage and increased in the middle and late stages. The pH and EC showed a decreasing trend and gradually slowed down in the late stage. The cohesive force of illite-quartz sand remoulded soil first decreased and then increased. As the reaction proceeded, the pH value showed a slow upwards trend in the decreasing environment, and the conductivity EC increased overall.
3) Under the action of acid and alkali, the internal friction angle of illite-quartz sand remoulded soil has little overall change, and the change in soil shear strength is consistent with that of cohesion. For montmorillonite-quartz sand remoulded soil, the internal friction angle remains essentially unchanged under acidic conditions, and the change in shear strength is consistent with the change in cohesion. Under alkaline conditions, the internal friction angle increases steadily with the extension of soaking time, and the shear strength increases overall.
4) Under acidic conditions, montmorillonite and illite are corroded, and no new material is generated, resulting in a decrease in soil cohesion. The reason for the increase in cohesion in the middle stage is not clear. Under alkaline conditions, montmorillonite was corroded seriously, resulting in the formation of zeolite minerals (zeolite X, garronite) and new cement hydrated calcium silicate CSH (xonotlite). The strong alkali reacts with illite to form sodium metaaluminate (NaAlO2) and liquid cement Na2SiO3 (sodium silicate). The formation of new cements is the main reason for the increase in cohesion under alkaline conditions, and chemical corrosion and ion exchange cause a decrease in cohesion.
DISCUSSION
1) The different effects and mechanisms of acid-base effects on soil cohesion provide a new prevention and control idea for soil landslides. For example, a certain amount of alkali can be applied to greatly improve the cohesion of soil and promote the formation of the internal cementation of the soil slope. Chemical measures can also be combined with structural engineering measures, internal bonding and external anti-sliding, which not only maximize the effect of prevention and control but also avoid disasters caused by engineering failure when the engineering life is exhausted. On the other hand, in areas with severe acid rain, considering the long-term cumulative effects of acid rain on the attenuation of soil cohesion, it is necessary to improve the design parameters of soil slope protection engineering and use an acid rain drainage groove (avoiding contact between acid rain and soil) to reduce the negative impact of acid rain on the stability of the soil slope to realize the full use of protective engineering.
2) The cohesive force of soil is controlled by the amount of cement, and the reduction and generation of cement are restricted by soil‒water chemical interactions, which, as a chemical reaction, must follow the chemical reaction kinetics and be controlled by the rate equation of the chemical reaction. Therefore, it is very necessary to carry out the quantitative model research of soil cohesion based on cement and the kinetics of water and soil chemical reaction, so as to realize the quantitative calculation of soil cohesion. This has important practical significance for the stability analysis of soil slopes and the prediction and early warning of soil landslides under the water‒soil chemical interaction.
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The upstream Fujiang River are famous for their high mountains and narrow canyons, which results in a conflict of interest between local residents and land use. To make good use of precious land resources is a meaningful work for local people and government. Therefore, field surveys and theoretical analysis were carried out in the upstream Fujiang River to explore the land-use evaluation and utilization advice. Firstly, we analyzed the factors which affect the land use of debris flow depositional area. Secondly, we chose the factors of soil fertility quality, soil particle conservation, and the geological engineering condition to set up the land-use evaluation method. Thirdly, through index classification, we give the planting type, land-use type, construction type respectively, according to grading and assignment value for each factor, we built the debris flow disaster-prone land utilization mode R by using an analytical hierarchy process method. Lastly, taking Huangjiaba village as an example, based on the debris flow disaster land-use evaluation method and debris flow hazard evaluation, we identified four land-use scenarios. The results show that the value of the four scenarios is between 1.00 and 4.00, the four scenarios utilization advices are given based on each R-value and Huangjiaba natural condition. It also obtained that the developmental tendencies of the debris flow disaster areas appear to deposit recently, the frequency of debris-flow activity is evolving from high to stable, on making good use of debris flow deposit fan’s usage is necessary to explore the disaster prone land and avoid disaster loss. Further studies need to systematically consider more factors to evaluate debris flow and disaster-prone land utilization, which can provide a reference for the rural space planning and revitalization for the local government.
Keywords: debris flow, land use evaluation, disaster deposit area, scenario, utilization advice
INTRODUCTION
Environmental Earth science constitutes the study of the natural world and its interaction with society (Siegert, 2016). Currently, land, as the carrier of all economic and social activities, appears increasingly scarce with ongoing socioeconomic development. Therefore, more attention has been paid to the remediation of disaster-destroyed land. Debris flows are widely distributed and a frequently occurring hazard in mountainous regions. Due, in part, to its high sand and clay content, huge areas of debris flow cause deposit fans to form before it runs into the main river (Gregoretti et al., 2016). It has been reported in over 70 countries in the world and often causes severe economic losses and human casualties, seriously retarding social and economic development (Imaizumi et al., 2006; Cui et al., 2009; Tecca and Genevois, 2009; Tiranti and Deangeli, 2015; Gregoretti et al., 2016; Hu et al., 2016). Presently, the relationship between the economic supply and social demand for land will further deepen the uncoordinated tension, in particular, the productive capacity of currently available land resources in ecologically fragile areas is likely to decrease, while the possibility of increases in quality or quantity is limited (Cui et al., 2011; He et al., 2018; He et al., 2020).
Currently, several kinds of “hard to use land” have been developed and utilized, such as desert land (Cao et al., 2018), mining wasteland (Liu et al., 2016), Loess land (Wang et al., 2022).) and karst land (Chen et al., 2017). Meanwhile, China faces the problem of accelerating urbanization in mountainous areas and needs to explore the use of new land, which requires further investigation and planning to achieve the rational allocation of new land resources (Liu, 2018). It is noteworthy that rational allocation refers to the land use type and the selection of suitable land types, for instance, flat and safe areas are developed into building land and cultivated land, and steep slope areas are developed into forest or grassland (Liu et al., 2022). In Lhasa River Basin, land suitable for settlement or living is experiencing a shortage of resources, alluvial fans have the potential to alleviate the problem, survey results showed that alluvial fans are important land resources in LRB and may have huge utilization potential (Chen et al., 2021). Abundant debris-flow deposits on land are widely distributed in mountainous areas. Currently, those areas have mainly been developed for crop cultivation, rural village construction, and tourism (Okunishi and Suwa, 2001; Sancho et al., 2008). To some extent, it is necessary for locals in mountainous regions to use those widely-distributed debris flow and disaster-prone landscapes for agricultural and house building because they are the only available lands that are essentially flat. Through statistical and field surveys, those areas appear gently flat and have abundant water supplies, which are the superior land source in mountainous areas, due to their high quality of heat and water condition. These areas offer promising development prospects. Therefore, making good use of debris flow depositional land represents the key method to develop the local economy and change the ecological environment, it can also balance the relationship between human needs and debris flow control.
Previous literature has found that the debris flow disaster-prone land research changed over time and began with a hazard risk evaluation and sedimentation events (Jakob and Hungr, 2005; He et al., 2016), then it shifted to natural protection and land use for damage reduction. Recently, it focused on land use and spatial planning, as He et al. (2018, 2019) analyzed land-use changes and their driving forces in the debris flow active area of Gansu and Yunnan province, China. Minimal attention has been paid to these areas compared to traditional land sources; thus, it is easy to neglect the function of debris flow disaster-prone fans in mountain development and engineering protection. Therefore, there is a need to improve the understanding of the debris flow depositional land. Generally, the debris flow waste fans are often distributed in the gully mouth, which is close to the main river and appears as relatively flat terrain. Therefore, those areas are a land type directly destroyed by debris flow and other geo-hazards (Qiu et al., 2022; Zhou et al., 2022). With field investigation and information queries, we found that local residents are usually undertaking agriculture, village, and road construction in those areas. In recent years, domestic and international scholars focused research related to debris flow deposits, which include the depositional characteristics, land-use classification and sedimentation processes, and the debris flow hazard zoning method (Ibe and Ebe, 2000; Liu et al., 2001; Okunishi and Suwa, 2001; Xu et al., 2001; Wang et al., 2018). Meanwhile, the debris flow disaster deposit area is the combination of a resource and disaster as its development has both positive and negative effects. To increase the economic benefits and decrease the hazardous impact, it is useful to undertake hazard zone research.
This research focuses on a small mountain watershed, exploring the evaluation of land resource utilization caused by debris flow disasters. The Fujaing River, central to this study, is a tributary of the Jialing River. Field survey and data analysis justified the urgency of summarizing the characteristics of the debris flow disaster-prone area in the Fujiang mountainous region. Generally, the debris flow deposit fans are the most important areas for local residents, a premise that has helped to attract much research attention from debris flow scholars. Along with the development of debris flow depositional land, it is helpful to change the ecological environment and support the local economy. Through field surveys and interviews with local residents, we find that many debris flow gullies from the upstream areas of the Fujiang River have frequently broken out as debris flows after the Wenchuan earthquake. Every gully could form debris flows during heavy rainfall in the rainy season, especially in the Nanba and old Beichuan districts. According to field surveys and debris flow statistics of the upstream Fujiang River, we found that the frequency of occurrence and scale of regional debris flows are gradually stabilizing. Thus, how to make good use of those areas, especially the potential debris flow, disaster-prone areas, is an extremely urgent and necessary topic of research. This research takes the upstream Fujiang River basin as an example based on the characteristics of regional debris flow depositional land to set up an evaluation method and then proposes advice for applying each land-use scenario.
THE STUDY AREA
The study area of the Fujiang River is almost 36,400 km2 in size. Its main river length is 670 km and it originates from Xuebaoding Mountain, Pingwu County, Sichuan Province. The Fujiang River flows across Pingwu, Jiangyou, Mianyang, Santai, Shehong, Suining, Tongguan, and lastly merges with the Jialing River in the Hechuan district, Chongqing. Among its characteristics, the geomorphology of the upstream Fujiang River is a typical alpine valley region, and the Longmen Fault traverses across the entire watershed from Beichuan County to Nanba town. On both sides of the fault, the mountain surface is crushed and the landform undulates dramatically based on the complex geological structure and frequent geotectonic movement. Debris flow, landslides, and rock falls are the main potential geological hazards in this region. While the geomorphology of the downstream areas of the Fujiang River consists of small plains and hills, which appear to be within a relatively stable regional geological environment, only a few minor landslips and water source pollution episodes constitute the main hazard problems along the bank side. Figure 1 illustrates the watershed which helps to infer the character of the disaster area. Field investigation points are also shown.
[image: Figure 1]FIGURE 1 | The field survey location of the Fujiang River upstream.
Statistical analysis outlines the development tendency of the debris flow disaster area (see Table 1).
TABLE 1 | The development tendency of debris flow disaster lands of Fujiang River upstream.
[image: Table 1]From Table 1, 9 investigation points appeared to show a cut-down tendency, which accounts for 21.4 percent, while the other 33 survey points show a deposit tendency, which accounts for 78.6 percent. Therefore, the debris flow deposits of the upstream Fujiang River are mainly characterized by deposition rather than cut-down, so far, which indicates that the debris flow occurrence transitions from a high susceptibility to a low susceptibility state, after the Wenchuan earthquake, indicative of a gradual stabilization.
METHODS
Through literature review and sample lab tests, we learn that many factors affect the land use of debris flow depositional areas, such as the soil fertility quality, fine particle content, slope angle, engineering geological characteristics, and debris flow form condition, debris flow watershed, lithology, the height difference (Cui et al., 2008). The soil fertility quality factor can be assessed by soil nutrient index (organic content), total nitrogen, total phosphorus, and total potassium, the value can be attained by physical and chemical experiments. Additionally, fine particle content determines the soil texture, especially soil moisture, nutrient retention, and transport. The soil erosion ratio affects the debris flow depositional land-use type, which is the factor obtained from the numerous sample particle size analysis. Through engineering geological data references and in situ tests with proposed equipment in the debris flow depositional area, the bearing capacity of foundation soil can be obtained is between 100 and 260 kPa, which can be used to support a resident’s homestead or a factory foundation, the index can be obtained by in situ tests and laboratory strength tests. Therefore, we choose soil fertility quality, soil particle conservation, and engineering geological condition as the main factors to evaluate the land use of debris flow deposit fans. Based on the connotations of each factor, we expand upon the classification of the three factors.
Soil fertility quality
Soil fertility is an important indicator that reflects the vegetative-supporting health of the soil. It represents the most essential characteristic of soil that distinguishes soil from parent material and other natural bodies. The soil nutrient classification standard mainly grades the contents of organic matter, total nitrogen, available nitrogen, available phosphorus, and available potassium, and each grade has different contents/proportions of different components. Organic materials are a key sign of soil fertility because of their abundance of botanical nutrients. According to the soil fertility evaluation model (Wang et al., 2003), using the single-factor analysis method, the soil organic matter content can be used as the land potential classification standard of debris flow deposit fans. According to the second national soil survey and related standards, the organic material content is divided into six levels. Based on the degree of soil fertility and properties of the particle distribution of debris flow depositional land, we can divide the four soil quality levels into good, quite well, ordinary, and bad according to its organic materials content. Through the grade of organic materials content, the soil quality is divided into four grades, and the planting type suggestion for the upstream Fujiang River can be seen in Table 2.
TABLE 2 | The soil fertility grading and planting type.
[image: Table 2]Fine particle content
Soil not only provides crops with nutrients, water, and air but the soil environment also affects the amount of nutrients and water absorbed by crops. Generally, debris flow deposits exhibit a wide gradation, especially from clay particles to large boulders, which are widely distributed in the depositional fans. Differing particle contents and concentrations profoundly affect the debris flow density, which determines the debris flow erosion capacity. Meanwhile, fine particle content determines the soil texture, especially affecting the soil moisture and nutrient retention and transport. The soil erosion ratio affects the debris flow depositional land-use type. Soil and water conservation is another key factor for a debris flow ravine. The fine particle content of debris flow depositional fans was determined by the loose solid materials in the source area, such as soil landslides and gully depositional materials. Nevertheless, the frequent floods in the gully also carried away large amounts of fine particulate matter. According to the classification of debris flow erosion ability, four levels represent the condition of the debris flow density determined by the fine particle content. Thus, the debris flow erosion capacity can be subdivided into four levels of soil conservation: good, quite well, ordinary, and bad. The water and soil erosion ratio can directly reflect upon the fine soil particle conservation. Therefore, based on the water and soil ratio and particle distribution, we obtain the soil conservation and land-use types given in Table 3.
TABLE 3 | The soil conservation classification and land use type.
[image: Table 3]Engineering geological characteristics
Whether a house is safe and stable is closely related to the quality of the foundations. Soil can be divided into many types, such as sand, clay, boulder, and fill. In mountainous areas, debris flow deposit fans often physically support the living and producing platforms for local residents, and the engineering geological characteristics of debris flow in disaster-prone areas can directly affect local residential construction and production. The bearing capacity of the foundation soil is one of the most important factors because it can indicate the soil strength for debris flow in disaster-prone land. According to the field survey data collected in the upstream Fujiang river, the bearing capacity of foundation soil is commonly between 100 and 260 kPa in mountainous areas; the characteristic values of bearing capacities for clay, silt, sand, medium sand, and coarse sand pebbles are 120, 150, 170, 260, and 350 kPa, respectively. Therefore, the land gets its classification and construction type suggestion based on the bearing capacity of the foundation soil grade, as seen in Table 4.
TABLE 4 | The engineering geological characteristics and construction type.
[image: Table 4]The debris flow land-use evaluation method
Considering the land utilization factors ahead, we obtain the three classification factors in Table 5. For their evaluation, we set the four classification values to 4, 3, 2, and 1, respectively.
TABLE 5 | The factors classification of land utilization.
[image: Table 5]The Analytic Hierarchy Process (AHP) is a decision analysis method that combines qualitative and quantitative methods. Using less quantitative information makes the thinking process of decision making less mathematical, to provide a simple decision-making method for multi-objective, multi-criteria, or complex decision issues without structural characteristics. When using the AHP to construct a system model, the process can be divided into four steps, setting up the hierarchy structure model, constructing a judgment matrix, conducting a hierarchical ranking, and testing for consistency. The debris flow land-use evaluation is the goal, and the soil fertility, soil conservation, and engineering geological characteristics represent the criteria for decision making. Therefore, to obtain the weight of the debris flow evaluation factors, matrix A is built as follows:
[image: image]
where A is the debris flow disaster land-use evaluation factor judgment matrix, W is the determined eigenvectors of matrix A, and n is an eigenvalue of A. Through an analytical hierarchy process, we obtain the sorting results, as seen in Table 6.
TABLE 6 | The land utilization factors sorting and weight reference value.
[image: Table 6]From Table 6, the weighting coefficients X1, X2, and X3 are obtained, which are 0.63, 0.26, and 0.11, respectively. According to the verification of the maximum characteristic roots, we found it found that the three weighting coefficients are reasonable. Thus, the debris flow disaster utilization mode can be expressed by the following formula:.
[image: image]
where R is the debris flow disaster-prone land-use evaluation value.
From Eq. 2 and its factors classification, we can obtain the three levels for the debris flow disaster potential land use. These are low extent, medium extent, and high extent, respectively. Based on the evaluation factors, the interval evaluation values are 1.00–2.00, 2.00–3.00, and 3.00–4.00, accordingly.
RESULTS
Land use scenario
Huangjiaba is a village along the Longmen Mountain Fault. Due to its flat depositional fans and proximity to the Jian River, many residents currently live here. In the upstream areas of Huangjiaba, steep gullies and drop ridges have developed, which provide powerful topographic conditions for the confluence and movement of debris flow. Meanwhile, numerous areas of rock fragmentation, collapse, and landslides develop and provide enough loose solid materials for debris flow. The symbiotic relationship between disasters and land resources determines the debris flow depositional land utilization. Taking the Huangjiaba village debris flows as an example, our method divides the area by hazard assessment first, probing the planting type by soil fertility. Then, together with engineering characteristics and other factors, we can get the potential land-use classification of the debris flow deposit-prone area.
Based on the debris flow disaster land-use evaluation method and the factor classification of potential soil use, we can learn that the entire Huangjiaba village debris flow disaster-prone areas are between 1.00 and 4.00, and each irregular district has a different R-value. Then, together with the current land-use type, we obtain the four land-use scenarios, R-values, and definition expressions as indicated in Table 7.
TABLE 7 | Debris flow land use scenario introduction of Huangjiaba.
[image: Table 7]From Table 7, we see the four scenario values ranging from 1.00 to 4.00. Based on the scenario values and semi-quantitative analysis, it can be used to obtain the land-use scenario, as shown in Figure 2. Accordingly, the village scenario mainly focuses on the bearing capacity of the foundation. The irregular area overlaid by light blue includes the local, currently existing rural building area and future potential planning construction area. The agriculture scenario concentrates on the higher soil fertility quality, especially the flat areas, so the area covered by pale yellow generally indicates high soil fertility quality (such as organic matter), total phosphorus, and total nitrogen, and the flat area on the edge of the depositional fans, which are close to the Jian river. Soil and water conservation scenarios are mainly related to the debris flow hazard evaluation. The areas overlaid by light green are debris flow gullies on the depositional fans, especially the area moved by debris flow once in a 100-years return period. As for the potential construction scenario, those areas that show low soil fertility, but are relatively safe, are covered by pink color. In fact, the determination of boundaries is subject to many factors—such as rural homestead planning, soil fertility, debris flow path, and scale—so the four scenario boundaries in Figure 2 only show reference schematics.
[image: Figure 2]FIGURE 2 | The diagram of Huangjiaba four land-use scenario.
The utilization advice for land use scenario
Through the land-use scenarios to be mentioned ahead, we offer suggestions for each scenario as follows.
Village scenario: The existing building area can maintain its original status or be reconstructed according to village space planning. Other potential construction areas can be planned on a reasonable basis, depending on the soil capacity of the foundation and hazard risk assessment. Moreover, due to the low debris flow disaster risk of damaged land and that the land-use scenario can be flexibly planned, these regions are mainly used as resettlement homesteads, see Figure 3A.
[image: Figure 3]FIGURE 3 | Huangjiaba debris flow disaster land-use scenario ((A) Village scenario (B) Agriculture scenario(C) Soil and water conservation scenario (D) Potential construction scenario).
Agriculture scenario: Through sample tests, we conclude that the soil fertility at the fan edge is superior, but due to its proximity to the Jian River, there is a high flooding risk. Therefore, it is advisable to set the fan edge as the economic crop area. In addition, considering the local precipitation pattern, seasonal vegetables can be planted below the village road. On the other areas of the fan edge, one can plant high-value economic crops such as Ginkgo, tea trees, greenhouse vegetables, and flowers, as seen in Figure 3B.
Soil and water conservation scenario: These areas mainly consist of flood and debris flow movement areas. The characteristics of the flood and debris flow hazard zone of a small watershed suggest fast-growing trees and shrubs can be planted along the overflow side of the ditch to enhance the resistance to disasters, while economic trees such as walnuts and cherries can be planted near the channel side. We took the submerged area of 100-, 50-, and 20-years occurrence frequency as examples, correspondingly, the debris flow break-out frequencies are 1%, 2%, and 5%, respectively. In the area covered by 1%–5% frequencies, ornamental trees can be planted, such as Ginkgo; in the 2%–5% areas, shrubbery can be planted, such as tea trees, and village roads set. Areas covered by 5% frequency can be fixed as debris flow channels, see Figure 3C.
Potential construction scenario: These areas are characterized by serious land and water erosion, mainly involving infrastructure, such as village roads, pipelines, factories, etc. We utilize the low soil fertility content and gently sloping terrain, especially if the slope angle is less than 10°, to build pig farms, chicken farms, sand mining factories, etc. These areas can also be created into water and soil conservation forests by a reasonable collocation of trees and shrubs, such as planting red leafy trees, Ginkgo biloba, flowers, shrubs, and other plants, as seen in Figure 3D.
DISCUSSION
Characteristics of debris flow disaster-prone areas
Debris flow fan: Debris flow deposit areas mainly consist of loose solid materials transported from upstream areas. It is the most important living and producing location for residents. Through statistical analysis of the investigation points, we can characterize the integrity of the debris flow deposit fans, as seen in Figure 4.
[image: Figure 4]FIGURE 4 | The disaster fans of the Fujiang River upstream.
From Figure 4, the integrity of debris flow deposit fans in the upstream Fujiang River is between 30 and 95%, with an average value of 58%. According to these statistics, there are four types of fan integrity in the upper Fujiang River, as seen in Table 8.
TABLE 8 | The fans integrity classification of the Fujiang River upstream.
[image: Table 8]From Table 8, the low integrity of the debris flow disaster fan is found at only one point, which accounts for 2.4% of the 42 investigated points. Median integrity fans are found at 13 points, accounting for 31.7%, high integrity fans are found at 19 points, accounting for 46.3%, and extremely high integrity fans are found at nine points and account for 22% of all investigated points. Generally, the integrity type of the deposit fans is either high or median; therefore, these areas could be used for resident living and production places.
The distance from the river: The deposits of debris flows are mainly from the upper watershed and the gully sides, and the distance between the debris flow at the fan top and the main river could be a result of the activity intensity of the debris flow. Figure 5 shows the statistical analysis of the distance between the fan top and the main river.
[image: Figure 5]FIGURE 5 | The distance of investigation sites from the main river in the Fujiang River upstream.
As seen in Figure 5, the direct length from the debris flow gully mouth to the Fujiang River is between 100 and 350 m; some special fans even reach 700 m, such as those in disaster-prone land, which is determined by the watershed and debris flow activity intensity. For example, the distance value between Huangjiaba and Shiyan reached more than 700 m. Huangjiaba is located along the left bank of Jianjiang River, where the debris flow area is more than 10 km2. The Longmen Mountain fault cuts across the upstream of the Huangjiaba debris flow source area. Due to frequent earthquake activities, the mountain surface has become widely crushed and abundant with loose solid materials as landslide bodies and rock falls are distributed along the gullies and on both sides. This area also gathered more than a thousand cubic meters of volume; this fact, together with stimulating heavy rainfall in the Longmen Mountain area during the rainy season, caused rainfall-type debris flow to frequently occur after the Wenchuan earthquake. According to statistical analysis, which lasted 5–8 years, the Huangjiaba debris flow event occurred 3 to 5 times each year, with increasingly uneven debris. The deposit fans formed and stabilized gradually, becoming the most important living and production place for local residents.
Planting characteristics: Due to its special location and complex geomorphology, only a few land types can be used for production and living in the upstream Fujiang River basin; thus, the debris flow deposit fans became the primary living place under proper water and sunlight conditions in those areas. Regarding the specification of land use in China, the Fujiang River watershed has many landforms classified as farmland, garden plots, woodland, grass plots, settlements, and unutilized land. However, the high mountainous areas of the upstream Fujiang River basin are useless for the garden plot and settlement land types. Therefore, considering the land uses of debris-flow deposits, they can be preliminarily divided into five types: farmland, woodland, grassland, unutilized land, and local settlement land.
According to the 42 investigated points, it can be statistically determined that the main land use of debris flow deposit fans in the upstream Fujiang River watershed are farmland, woodland, and local settlements (including road and factory use). Quantitatively, farmland accounts for 41.5% of the investigated points, woodland for 32.8%, local settlement for 12.1%, and other grasslands and unutilized land for 13.6%, see Figure 6.
[image: Figure 6]FIGURE 6 | The debris flow disaster land-use type of Fujiang River upstream.
Regarding farmland in the deposit fans, the steep slope generally lies upward of the deposit fan, and the gentle slope is on the downward side close to the main river. Crops such as corn and peanuts are often planted on steep land, some seasonal vegetables are cultivated along the gentle slope, and economic crops, such as Cypress and Bamboo, are planted on the sides of the field and along both banks of the gully. Some debris flow, disaster-prone areas that possess gentle slopes close to the Fujiang River have already been used for building land. The first choice of local inhabitants is to make good use of depositional land. Currently, the villages of local resettlements are distributed widely along the Fujiang River banks.
Susceptibility evaluation results: The basic characteristics of the actual debris flow watershed could be investigated and counted easily, including disaster type, loose solid materials reserves, hydrodynamic condition, gully geomorphology, land use, debris flow events, and the preliminary susceptibility evaluation, among others. Through qualitative judgments and semi-quantitative calculations, we can use this content to obtain the discriminant result of the 42 debris flow disaster-prone areas; among these, there are two high prone susceptibility sites, 28 medium prone sites, and 12 low prone sites, which account for 5, 67, and 29%, respectively. Therefore, it can be concluded that the debris flow, disaster-prone areas in the upstream Fujiang River primarily consist of medium and low susceptibility sites. Furthermore, the high prone sites only account for 5% of the total, which illustrates that post-earthquake debris flow activity has gradually changed from high susceptibility to low susceptibility to a certain extent.
Generally, current debris flow in the upstream Fujiang River is mainly shown according to its depositional characteristics. The integrity of the deposit fan is high, and the distance from the Fujiang River to the fan apex is between 100 and 350 m. The land-use types of debris flow depositional areas in the upstream Fujiang River consist of farming, foresting, and local settlements, which shows that the frequency of debris-flow activity in this region is indirectly evolving from high to stable.
Impact factors
This research chose three factors related to soil, organic materials, soil erosion ratio, and soil bearing capacity of the foundation to evaluate the land use of debris flow disaster-prone areas. This evaluation method can provide a beneficial reference for land utilization in debris flow deposit-prone areas.
Many factors can affect the evaluation results, such as soil structure, soil particle distribution, soil nutrients, and soil pH (Zhang et al., 2014). Geomorphology, hydrodynamic condition, and vegetation distribution are also relevant factors to debris flow disaster-prone land. On the one hand, the soil structure and soil nutrients can reflect the development of the debris flow deposit fan. On the other hand, the rush-out materials from every debris flow event would also change the soil characteristics, especially for those solid materials that came from the upper watershed (Massimo et al., 2015; Zhang et al., 2015). Moreover, a few researchers have utilized a numerical comprehensive evaluation method to evaluate the fertility level of each plot; the contribution degree of individual fertility factors was calculated based on the correlation of soil fertility index. Evaluation methods frequently used by many researchers include the Fuzzy mathematical method, cluster analysis, and principal component analysis (Huang et al., 2010; Wu et al., 2010). Therefore, we need to systematically consider additional factors to evaluate debris flow disaster-prone land utilization in future studies.
Land use scenario
Debris flow deposit fans are among the most precious land resources in mountainous areas, especially in west China and other mountainous countries like Japan and some European countries. Meanwhile, the fan is the depositional place for the debris flow activity, representing the highest risk area for debris flow washing and flooding in the rainy season.
Considering the economic development of local governments, making good use of debris flow fans is a key factor in the near future. However, the utilization of debris flow depositional fans comes with hazard risks. To exploit and utilize debris flow in disaster-prone land and avoid disaster loss, it is necessary to discuss the stratified modes of the exploitation and utilization of the debris flow deposit fan. Through analysis of the social economy and hazard risk extent, Tan (2000) posed a viewpoint of the evolution of debris flow, disaster-prone land usage, which can be divided into three stages: initial condition, developmental, and mature (Tan, 2000), as shown in Table 9.
TABLE 9 | Development stages for debris flow deposit fan’s usage (Tan, 2000).
[image: Table 9]Table 9 clearly shows that in the initial stage, higher risk and poorer soil properties make the debris flow deposit area most suitable for forestry, grassland, agriculture, or other temporary land uses such as for buildings or infrastructure. During the development stage, because the disaster risk is smaller and the debris flow depositional area gradually stabilizes, debris flow deposit land can be used for roads, tourism, water conservancy, and other development. In the mature period, large- and medium-sized debris flow depositional areas can be used for urban and rural construction or some other use. The tentative model of land-use scenarios for the debris flow deposit fans is given in Tan (2000). Furthermore, sustainable rural development also requires exploring and establishing appropriate criteria for evaluation and investigation.
Local village revitalization practices need to consider both environmental protection and regional security. In addition, relevant regulations should be established to strengthen the planning and management of debris flow land use development, and appropriate regulators are needed to supervise and manage debris flow disaster land use (Löschner and Nordbeck, 2020; Zhou et al., 2020). In the meantime, for lands suitable for agricultural and aquaculture development, local government and agencies should strengthen professional knowledge training and reinforce relevant knowledge by offering technical support (He et al., 2020). Regarding the debris flow disaster-prone land utilization measures, local governments first need to require evaluations of the hazard. Different catchments need to be treated accordingly upon considering variations in soil fertility and other factors. In future work, we need to systematically consider more factors to evaluate debris flow disaster-prone land utilization.
CONCLUSION
This study has taken a debris flow deposit-prone area of the upstream Fujiang River as its research target, carried out a field investigation and interviews with residents.
To characterize the debris flow disaster-prone area background of the upstream Fujiang River, we first chose the soil fertility quality, soil particle conservation, and engineering condition from other factors. Then based on the grading of these three factors, we obtained the planting type based on soil fertility/quality, land-use type based on soil conservation, and construction type based on the engineering geological characteristics. According to the grading value of each factor, we obtained the debris flow disaster-prone land-use evaluation R-value based on the hierarchy analytic process method. The evaluation formula can obtain the debris flow disaster potential land use in the low, medium, and high extent levels; the interval evaluation values are 1.00–2.00, 2.00–3.00, and 3.00–4.00, respectively.
We obtained four land-use scenarios by the Huangjiaba debris flow disaster-prone area as an example. The value of the four scenarios are calculated between 1.00 and 4.00, regarding each land-use scenario and R-value, we offer utilization advice for each land scenario. The village scenario needs to refer to the village space planning and risk assessment protocols, the agriculture scenario can be used in the high soil fertility area, the soil and water conservation scenario is affected by debris flow and floods, so fast-growing trees and shrubs can be planted along the overflow side of the ditch, and the potential construction scenario is best suited for infrastructure because of its low soil fertility, which can help in rural space planning for the local government in advance.
According to the 42 debris flow deposit fans along the Fujiang Riverbank. It show that the developmental tendencies of the debris flow disaster areas appear to deposit recently, the average distance from the gully outlet to the Fujiang River is between 100 and 350 m, which is affected by watershed and debris flow activity intensity. Further studies still need to systematically consider more factors to evaluate debris flow and disaster-prone land utilization, which can provide a reference for the rural space planning for the local government.
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In this study, the engineering properties of remolded diatomite and the effects of cement on the compression characteristic, strength properties and microstructures of cement-stabilized diatomite were investigated. Samples were prepared and stabilized with different cement content ratios, ranging from 0% to 15% by dry mass. Results show that compared with undisturbed diatomite, the compressibility of the remolded diatomite increases while the strength characteristics decrease. With the increase of cement content, the compressibility of cement-stabilized diatomite is significantly reduced and the strength characteristics are improved. Adding cement to diatomite changes the structure of pure diatomite and forms more tiny pores between cement and diatomite, while curing reduces the porosity ratio of samples and enhance the strength of cement-stabilized diatomite, especially for diatomite with higher cement content. The physical-chemical reactions including hydrolysis and hydration between cement and diatomite increase the content of sodium aluminosilicate, calcium aluminosilicate and other minerals in the soil.
Keywords: diatomite, cement, cure time, engineering properties, microcosmic mechanism
INTRODUCTION
Diatomite is a kind of biochemical deposition formed by diatom after its death during the accumulation period of 10,000–20,000 years. It belongs to the siliceous rocks, and its chemical composition is mainly SiO2, which can be expressed by SiO2∙ nH2O.It is mostly deposited in Miocene and Pliocene age (Harben, 2002), China is one of the countries with the most extensive distribution of diatomite in the world and diatomite were found in 18 provinces (Cui, 2008). Diatomite was usually studied as a material for industrial applications in building, bleaching, filtering, and so on (Stoemer and Smoll, 2001; Fragoulis et al., 2005; Van Garderen et al., 2011). In recent decade, with the continuous development of foundation engineering, civil engineering construction is developing towards various complex geological conditions (Yang et al., 2022; Ma et al., 2021; Zhou et al., 2022; Liu et al., 2022; Qiu et al., 2022; Wang et al., 2022). In the construction of railways and highways, diatomite areas are often encountered along the route and the engineering characteristics of diatomite is also beginning to attract researchers’ attention (Koizumi et al., 2009; Calvo et al., 2012).
Some scholars have studied the engineering properties and strength characteristics of diatomite, Day (1995) indicated that although diatomite has lower density and higher water content, it has lower compressibility and higher shear strength due to its good biting force and surface roughness of the original soil, the similar results also have been obtained by Tateishi (1997). (Hong et al., 2004a) studied the mechanical properties of natural diatomite in oita prefecture, Japan, providing that before the consolidation pressure reaches the consolidation yield stress, the compression curve is horizontal, but when the consolidation pressure reaches the yield stress, the compressibility will increase sharply, indicating that the original diatomite has a strong structure. The macro-and micro properties also have been investigated by Hong et al. (2006). Zhang et al. (2013) made study the mineralogical compositions, physical property, mechanical and engineering properties of diatomite in Tengchong region of Yunnan Province, Southwest China, results indicated that diatomite is a kind of strong structural soil, both the composition and the structure of diatomite could lead to its different mechanical and engineering properties.
Although the undisturbed diatomite has high structural strength, its mechanical strength will change after its structure is destroyed because of the extremely absorbent clay minerals it contains. However, in many projects, such as the construction of roads and railways, a large amount of backfill will be used, which will inevitably disturb and reshape the local soil, therefore, it is necessary to study the mechanical behavior of reconstructed diatomite.
Meanwhile, in the treatment of soil with poor geotechnical performance, a widespread used technique is to add modifier to improve the engineering properties, and the most commonly used modifier is cement, it has been used for many special soils. Sariosseiri and Muhunthan (2009) investigated the treatment effect of cement on geotechnical properties of Washington State soils; indicating that both the strength characteristics and workability are improved and the cement content should not be higher than 10%. Lemaire et al. (2013) studied the microstructure and macroscopic mechanical properties of plastic silt treated with combined cement and lime, found that the mechanical strength of soil has been significantly improved due to the change of microstructure of treated soil. Ho et al. (2017) investigated the effects of water content, carbonation, and pozzolanic reaction on the strength development of cement-treated soils under the drying condition. And the strength development of sand, sand-loam, and sand-bentonite mixtures treated with cement, founded that carbonation could have both positive and negative impacts on strength development of cement-treated soils were also studied (Ho et al., 2018). Moreover, some scholars have also studied other engineering properties of cement-treated soil, such as the resistance to liquefaction of loess treated with cement (Qian, 2016), the consolidation properties of compacted lateritic soil treated with cement (Mengue et al., 2017), the dynamic response of expansive soil treated with cement (Cai et al., 2020), and the hydraulic conductivity and strength of marine clay treated with foamed cement (Wu et al., 2019). However, the engineering properties of cement treated diatomite have not been studied.
Therefore, in this study, based on geotechnical tests and microstructure tests, the engineering properties, mineral content change and microstructure evolution of remoulded diatomite and cement-treated diatomite were investigated. The influence of cement content and curing period on these properties were obtained and analyzed.
MARERIALS AND METHODS
Materials
The diatomite used in this investigation is obtained from the City of Shengzhou in Zhejiang province in China. It is grey white and collected at a depth between 3.0 and 5.0 m. The main mineral of diatomite is SiO2, followed by CaCO3, a small amount of Al2O3, Fe2O3, CaO, etc., and a certain amount of organic matter, the details of mineral component and the clay mineral composition are shown in Table 1. Table 2 lists the basic physicochemical properties of diatomite in terms. The particle size distribution curve of diatomite is shown in Figure 1, in which fine soil accounts for 98.24%, and part of coarse-grained soil has a particle size less than 0.25 mm.
TABLE 1 | Main chemical and clay mineral compositions of diatomite.
[image: Table 1]TABLE 2 | Basic physicochemical properties of diatomite.
[image: Table 2][image: Figure 1]FIGURE 1 | Particle size distribution curve.
The cement was 42.5# ordinary Portland cement supplied by Jingyang Cement Company (Shanxi province, China). It is an off-white soil, thin powder with a natural moisture content of 0.60% and a relative density of 2.58.
METHODS
Cement content ratio (Cc) is defined as the ratio of the dry mass of cement to the dry mass of the diatomite-cement mixture. For the sample preparation, the diatomite has an air-dried water content of 32.4%, diatomite is carefully mixed with cement of different content ratios (0%, 3%, 6%, 9%, and 15%) and distilled water to produce mixtures to the natural water content uniformly.
Samples were prepared by statically compacting in a confining ring with an inner diameter of 61.8 mm and a height of 20 mm (for swelling pressure and direct shear test) and a confining ring with an inner diameter of 50 mm and height of 100 mm (for unconfined compressive strength test). The static compaction speed was 5 kN/s and the maximal load was 20 MPa. The sample was pushed out of the apparatus 10 min after the height had reached the predetermined height. A rebound of less than 0.01 mm was observed in the height of the sample after the unloading stage was complete and this was deemed to be negligible. The density of the sample was 1.65 g/cm3 determined according to the nature density for undisturbed diatomite (Table 1).
Swelling pressure tests were performed in a swelling pressure testing apparatus. Direct shear test and unconfined compressive strength test were carried out respectively to determine the cohesion (c), internal friction angle (φ) and unconfined compressive strength (UCS). Direct shear takes the type of fast shear for this study, that is, the shear speed was defined as 0.8 mm/min. And the compression coefficient of soil sample was measured by uniaxial compression test on the consolidation instrument. In addition, in order to investigate the influence of curing age on mechanical behavior of cement-modified diatomite, the samples mixed with different cement ratios were cured for 1 day, 7 days, 14 days and 28 days respectively. Then the direct shear test and unconfined compressive strength test were carried out.
To further investigate the microstructure changes of diatomite stabilized by cement, X-Ray diffraction (XRD), Mercury intrusion porosimetry (MIP) and scanning electron microscope (SEM) were used. MIP used in this study is to determine the pore size distribution in porous materials based on the unique relationship between intrusion pressure and equivalent pore diameter. as proposed by Washburn (1921): D=−(4γcosθ)/P. In this test, θ was 140° and γ was 0.480 N/m, the measured pore sizes ranged from 0.005 μm to 340 μm.
RESULTS
Engineering properties of remolded and undisturbed diatomite
The engineering properties of remolded and undisturbed diatomite are shown in Table 3. Compared with undisturbed diatomite, it can be seen the compression coefficient of the remolded diatomite is increased by 51.2%; while the values of cohesion, internal friction angle and UCS (Unconfined Compressive Strength) are reduced by 52.95%, 56.88% and 57.14% respectively. These results indicate that the remolded soil sample destroys the original structure of the undisturbed soil, although the remolded soil has the same initial conditions as the undisturbed soil, its compressibility is increased and strength characteristic is reduced due to the lack of good engineering performance provided by the soil structure. It is worth mentioning that the value of the maximal swelling pressure is very low and basically unchanged, which is attributed to the high porosity of diatomite, most of the expansion is consumed in the reduction of pore volume, which is called “internal expansion” (Zhang et al., 2013), so it cannot form a very high expansion force. Meanwhile, the results also indicate that the damage of soil structure has little effect on the soil expansibility.
TABLE 3 | Engineering properties of remolded and undisturbed diatomite.
[image: Table 3]Effect of cement content on compressibility of diatomite
Unidirectional compression tests were carried out on diatomite samples with different proportions of cement, and the results are shown in Figure 2, it can be seen that with the increase of cement content, the falling gradient of e-p curves of the samples slows down significantly. For remolded pure diatomite sample, with the increase of the load, the compressive deformation of the sample continues to increase, and the void ratio decreases from the initial 1.260 to 1.033 under the loading of 400 kPa, decreasing by 0.227 kPa; when the cement content is 3%, it decreases by 0.147 kPa, which is only 64.8% of pure diatomite. And when the cement content is 15%, the void ratio is 1.128 under the loading of 400 kPa, decreasing by 0.042, which is only 18.5% of pure diatomite sample.
[image: Figure 2]FIGURE 2 | e-p curves of cement modified diatomite.
Compressibility coefficients of 100–200 kPa, a1-2(MPa), were calculated, which is a parameter used to judge the compressibility of the sample, and the relationship between a1-2 and cement content is listed in Figure 3. Result shows that a1-2 decreases exponentially with the increase of cement content, and the fitting formula is as follows: a1-2=−0.0196−(−0.6486)*0.8804Cc, R2=0.9842.
[image: Figure 3]FIGURE 3 | Compression coefficient vs. cement content.
The void ratio of pure diatomite sample is 0.62, and the void ratios of 3% and 15% cement samples are 0.43 and 0.08 respectively. According to the specification, soil with a1-2≥0.5 MPa is defined as high compressibility soil, soil with 0.1 MPa≤a1-2<0.5 MPa is defined as medium compressibility soil, and soil with a1-2<0.1 MPa is defined as low compressibility soil. Therefore, the sample of remolded pure diatomite belongs to high compressibility soil. The sample with 3% cement is reduced to medium compressibility soil, and when the cement content is 15%, it is directly reduced to low compressibility soil. It shows that adding cement to diatomite can significantly reduce the compressibility of soil. It's worth noting that when the cement content is 3%, the value of a1-2 is close to that of undisturbed diatomite (0.41 MPa).
Effect of cement content on strength properties of diatomite
Direct shear tests were conducted on cement-stabilized diatomite and the shear strength parameters were obtained. Figure 4 shows the typical shear stress-shear deformation curves for the samples of diatomite with different cement contents, results display that shear strength is enhanced as cement content increases. It's worth noting that with the increase of cement content, the stress-deformation relationship of samples gradually changes from strain hardening to strain softening, when the cement content is 6%, the stress-strain curve shows a very obvious peak strength. These indicate that adding cement to diatomite makes the soil harder and more brittle, which means that the shear behavior is like that of rock and the soil is harder.
[image: Figure 4]FIGURE 4 | Shear stress-shear deformation.
The change of cohesion (c) and internal friction angle (φ) with cement content are shown in Figure 5, it shows that with the increase of cement content, both cohesion and internal friction angle increase. Moreover, when the cement content is 6%, the shear strength parameters are close to that of the undisturbed diatomite samples, indicating that cement has an obvious effect on improving the shear strength of diatomite. However, the strength growth rate is not invariable, with the increase of cement content, the increasing effect of cement on soil strength gradually decreases.
[image: Figure 5]FIGURE 5 | Shear strength parameters vs. cement content.
Figure 6 shows the result of Unconfined Compressive Strength test, it can be seen after adding cement to diatomite, the soil gradually transforms from strain hardening type to strain softening type.
[image: Figure 6]FIGURE 6 | Stress-strain relation curve of unconfined compressive strength test.
Figure 7 shows the relationship between UCS value and cement content. The UCS value increases exponentially with the increase of cement content, similar to the shear strength parameter, when the cement content is 6%, the UCS value of the sample exceeds that of undisturbed diatomite, meaning that adding cement significantly improves the strength of soil.
[image: Figure 7]FIGURE 7 | Unconfined compressive strength vs. cement content.
Influence of curing period on strength characteristics of cement-stabilized diatomite
In order to clarify the influence of curing period on strength characteristics of cement-modified diatomite, samples with different cement content were cured for 0 days, 7 days, 14 days and 28 days separately, and then direct shear test and Unconfined Compressive Strength tests were conducted on them.
The variation of shear strength parameters with curing period are shown in Figure 8. Curing has almost no effect on pure diatomite. The effect of curing on cohesion and internal friction angle is quite different. For internal friction angle (Figure 8A), the values are increased with the increase of curing time, but the increase rate are different, the value of the sample with 3% cement content increases significantly, while these values of samples with other cement content increase slowly. For cohesion (Figure 8B), curing can significantly improve the value of cohesion, and the strength improvement is mainly reflected in the early curing stage, which has reached more than 85% of the stable value within 14 days. When curing period is more than 14 days, the value of cohesion increases slowly. In addition, results indicate that the value of cohesion of sample with 3% cement content increases from 122.9 kPa to 194.1 kPa after curing for 28 days; While these two values are 226.2 kPa and 648.7 kPa respectively for sample with 15% cement content, which is 5.93 times than that of the sample with 3% cement content, indicating that the curing effect on the sample with higher cement content is more significant.
[image: Figure 8]FIGURE 8 | Shear strength parameters vs. cure time.
The UCS value of diatomite with various cement content after different curing period are determined and presented in Figure 9. Results indicate that the value of sample without cement has almost no change with curing time. While the value of other samples with different proportions of cement are increased with curing period and gradually stabilized. And there is little difference in the increase rate of samples with different the cement content.
[image: Figure 9]FIGURE 9 | Unconfined Compressive Strength vs. cure time.
Microscopic mechanism study
Figure 10 displays the cumulative pore volume curves and the pore size distribution curves of samples with various cements content and samples with 15% cements content after various curing period. It can be seen from Figure 10A, the total pore number of the sample increases with the increase of cement content, but the value of sample with 15% and 9% cement content is almost the same, and from Figure 10C, it can be concluded that the main increased pore size range is 0.01–10 um. While the total pore number of the sample decreases with the growth cure time (Figure 10B), and reduction in pore size is concentrated in 0.1–0.01 μm (Figure 10D).
[image: Figure 10]FIGURE 10 | Cumulative and pore size distribution curves of cement modified diatomite.
Meanwhile, the results of both cumulative pore volume curves and pore size distribution curves show that most of the pores in the sample are less than 10um. Furthermore, the results of SEM (Figure 11) also provide sufficient evidence for the phenomenon, indicating that the diameter of diatom remains are mostly less than 10 μm (Figure 11A), and adding cement to diatomite changes the structure of soil and increases the number of pores with diameters ranging from 0.01 um to 0.4 um, (Figure 11B), which are classified as inter-granular pores according to the pore classification proposed by Shear et al. (1993).
[image: Figure 11]FIGURE 11 | SEM of cement modified diatomite.
DISCUSSION
The above research results show that adding cement to diatomite can significantly reduce its compressibility and increases its strength. For adding cement can change the structure of pure diatomite and form more tiny pores between cement and diatomite, and the number of pores stabilizes when the cement content reaches 9%, then with the increase of cement content, the total porosity is basically unchanged, but the number of micropores has been increased.
However, curing can reduce the number of pores, with the growth of cure period, the total pore number of sample decreases (Figure 10B), and at the curing age of 7 days, the void ratio of the sample is 0.59, which is lower than that of pure diatomite (Figure 10A). the missing pores are mainly in the range of 0.01–0.1 um in diameter, and the number of pores with diameters of 0.1um–0.4 um also decreases (Figure 10D). These results also can be verified by SEM (Figure 11C), When the curing period is 28 days, the tiny pores in the sample of cement-modified diatomite are significantly reduced and the sample presents a condensed structure, which is more dense than that of pure diatomite.
Cement can improve soil properties through a series of physical-chemical reactions including hydrolysis and hydration. The main composition of cement is silicate, including tricalcium silicate (3CaO∙SiO2), dicalcium silicate (2CaO∙SiO2), tricalcium aluminate (3CaOAl2O3), etc. When diatomite is mixed with cement and water, the hydration reaction occurs rapidly, forming hydrates such as hydrated calcium silicate (xCaOSiO2∙nH2O) and calcium hydroxide (Ca(OH)2). Then Ca(HO)2 diffuses to the surface of diatomite particles and gradually eroded the active CaO, Al2O3 and Fe2O3 to generate hydrated calcium silicate (xCaOAl2O3nH2O), hydrated calcium aluminate (xCaOAl2O3yCaO3nH2O) and hydrated calcium ferrite (xCaOFe2O3nH2O).
It can be seen from the XRD spectrums of diatomite and 15% cement-stabilized diatomite with curing period of 0 and 28 days (Figure 12), after the addition of 15% cement, calcite content as well as sodium aluminosilicate and calcium aluminosilicate minerals increased significantly. At the curing period of 28 days, the contents of odium aluminosilicate and calcium aluminosilicate minerals in diatomite with cement content of 15% are increased, indicating that with the growth of curing period, hydration reactions in cement-stabilized diatomite soils develop continuously and more hydrates are generated. These hydrates connect to the particles and filled the void and continues to harden to form the skeleton of cement stone with high strength, while the aggregate of soil is similar to the concrete, which increases the strength of diatomite.
[image: Figure 12]FIGURE 12 | XRD spectrums of cement modified diatomite.
CONCLUSION
The microstructure of remolded diatomite is changed, and thus its engineering properties is affected. The purpose of this paper is to find out the changes of engineering properties of remolded diatomite compared with undisturbed diatomite, study the engineering properties and microstructure of cement modified diatomite by adding different proportions of cement into diatomite. The following conclusions are drawn from the present study.
1 Compared with undisturbed diatomite, the compression coefficient of remolded diatomite is increased by 51.2%; while the values of cohesion, internal friction angle and UCS are reduced by 52.94%, 56.74% and 57.14% respectively; the value of the maximal expansion force is very low and basically unchanged.
2 Adding cement to diatomite makes the pore ratio no longer decrease obviously with the increase of load, and makes the stress-strain curve of samples gradually change from strain hardening to strain softening. With the increase of cement content, both cohesion and internal friction angle increase, and the value of UCS increases exponentially while compression coefficient a1-2 decreases exponentially.
3 Curing can improve the internal friction angle of cement stabilized diatomite, but the effect is not very obvious, only the sample with cement content of 3% has a relatively obvious improvement. However, the values of cohesion and UCS are significantly improved with the increase of curing time, and the strength improvement is mainly reflected in the early curing stage, the curing effect on the sample with higher cement content is more significant.
4 Adding cement to diatomite changes the structure of pure diatomite, forms more tiny pores between cement and diatomite and increases the total pore number of the sample; while with the increase of curing period, the total pore number of sample decreases.
5 Adding cement to diatomite increases the amount of calcite content, sodium aluminosilicate and calcium aluminosilicate minerals, and curing also increases the contents of odium aluminosilicate and calcium aluminosilicate minerals in diatomite with 15% cement content.
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In order to study the stability of the high and steep slope of an open-pit mine under deep bench blasting vibration, a mine in Inner Mongolia is taken as the engineering background, and the mechanical parameters of rock samples were determined based on uniaxial and triaxial instruments. The stability of the high and steep slope of the open-pit mine under static and dynamic loads was analyzed by using field vibration monitoring and numerical simulation methods. The results show that the vibration range of the vibration wave is -1.25–1.25 cm/s, and the vibration wave shows a gradual attenuation trend. The Sadovsky regression equation was used to analyze and fit the monitoring data and the corresponding regression equations in each direction were obtained. Under static action, the safety factor of the high and steep slope is 1.20, and the displacement of the sliding zone passing through the slope is small, so the slope stability is good. Under the action of dynamic blasting load, the overall displacement of the slope is small, and the change of displacement decreases with the decrease of the vibration wave.
Keywords: blast vibration, field monitoring, high and steep slopes, numerical simulation, stability
1 INTRODUCTION
Metal mineral resources are the basis for human survival and development. With the continuous progress of the industry, more and more metal minerals have been mined, among which metal open-pit mining accounts for a large proportion (Song et al., 2021a). Taking China as an example, the proportion of open-pit mining in metal mining is as high as 90% (Yang et al., 2011; Wang et al., 2013; Lv et al., 2019). With the continuous development and utilization of shallow surface resources, deep open-pit mining has become the trend of open-pit mining development in the world. In the process of deep mining, with the increase of mining depth, the safety and stability of the slope are getting worse and worse. However, for deep-pit mines, increasing slope angle and implementing fine blasting are important means to reduce mining costs and improve economic benefits. Blasting production has been used in mine production as a relatively mature production method and a relatively wide range of production processes. However, the vibration effect generated by the blasting operation has a certain impact on the stability of the slope. Therefore, it is of great theoretical and practical significance to carry out research on the stability of high and steep slopes in deep concave open-pit mines under the action of blasting vibration to prevent and control geological disasters caused by high slopes and improve the economic benefits of mines (Du et al., 2020; Song et al., 2021b).
In recent years, scholars at home and abroad have conducted numerous studies on slope stability under the action of blasting. Chong et al. (2018) established a numerical model of the slope with a smooth step using FLAC3D, analyzed the vibration response law of the slope under the action of blasting vibration, and formulated the safety threshold of blasting vibration. Ming et al. (2012) established a slope vibration model under the action of blasting seismic waves and obtained the slope dynamic response under the action of different blasting frequencies using modal analysis and harmonic response analysis. Hoang et al. (2021) studied three intelligent hybrid models based on different nature-inspired optimization algorithms and deep neural networks to predict GV and proposed a deep neural network model based on deep learning techniques. Ke et al. (2021) proposed an intelligent prediction model for GVI based on the hybridization of self-encoder neural network and support vector machine regression (SVR). A total of nine input variables were used to estimate GVI: borehole diameter, step height, borehole length, batching, spacing, hardness factor, powder factor, the maximum explosive charge per extension, and monitoring distance. Sun et al. (2021) proposed a Bayesian method for predicting blast damage on highly rocky slopes using vibration and acoustic data and established the relationship between blast damage and intrinsic frequency of rock mass for the first time. Xuan-Nam et al. (2021) proposed a cuckoo search optimization model based on an artificial neural network based on 118 blasting events collected from a quarry in Vietnam. Bazzi et al. (2020) investigated the effect of blasting vibration on slope stability using the finite element analysis method. Pit slopes containing faults were examined under the action of seismic loads caused by successive blasts of different intensities. Wu et al. (2020) took the high and steep slope of the Daye iron ore mine as an example and used shaking table tests, the limit equilibrium theory, and the least squares method to better evaluate the stability of slopes under repeated blasting vibrations in fracture zones. Based on the limit equilibrium theory and shaking table test data, the stability of slopes under different. Yin et al. (2018) analyzed the energy distribution of blast vibration signals by peak mass velocity (PPV), frequency characteristics, and time-frequency processing method using different rock blast vibration signals monitored at a blasting site.
In the past, domestic and foreign scholars used theoretical research, physical test, numerical simulation, mathematical model, and other research methods to study the slope stability under blasting vibration, but there are few studies on the stability of high and steep slopes in open-pit mines under blasting. With the development of blasting technology and the increase in mining depth, most mines enter the deep mining stage. The exposed area of the slope becomes larger, the slope stability is poor, and the blasting vibration plays a major role in the slope instability. Therefore, the analysis of the influence of deep bench blasting vibration on the stability of high and steep slopes in open-pit mines has become an urgent problem to be solved in deep mining blasting. Taking the high and steep slope of a mine in Inner Mongolia as the engineering background, this work studies the stability of the high and steep slope under blasting vibration by using the methods of physical test, field monitoring, and numerical simulation, to ensure the safe production efficiency of the mine and the life and property safety of the staff in the quarry and provide some reference for similar projects.
2 PROJECT OVERVIEW
This high steep-sided metal open-pit mine is located in the central region of Inner Mongolia and is a Cenozoic Tertiary outcrop located at the northern edge of the Inner Mongolia geotechnical axis. The strata in the area are strongly wrinkled and metamorphosed and fractures are developed. The type of engineering geological exploration in the mine area is type II, category II: medium engineering geological conditions, with hard and semi-hard metamorphic rocks as the main block rock deposits. The topography and geomorphology are simple, the terrain is conducive to natural drainage, and the lithology of the strata is relatively single. There are no large tectonic fracture zones in the mine area, the fractures are filled by fault breccias, and the contact fracture zones and weathering zones are not developed, so the geological structure is simple. The rock structure is mainly blocky, with high rock strength and an open mining area, and the stability of the slope becomes more complicated with the increase of mining depth. The mine’s east quarry is nearly elliptical in shape, with an east-west length of 1.43 km and a width of 1.06 km, covering an area of 3.213 km2. The east quarry has been mined for more than 50 years, with an overall slope of 43°–39°, a design end slope depth of 1,230 m, and a final average slope height of 372 m. The geographic location and geomorphology of the mine are shown in Figure 1.
[image: Figure 1]FIGURE 1 | Schematic diagram of the location of the mine.
3 DETERMINATION OF MECHANICAL PARAMETERS
The rock and ore specimens were collected from the field and processed into suitable specimens at a later stage, mainly for rock gravity density, uniaxial compression deformation, tensile strength, rock shear resistance at variable angles, and rock structural surface straight shear tests. The field collection area is reasonably distributed in all levels of steps as far as possible under safety conditions. The collected rock samples include slate, dolomite, and iron ore, in addition to some weak structural interview samples. Pictures of the field collection are shown in Figure 2. The rock samples collected from the mine site were processed to meet the test requirements by using a TY-450 sawing machine with high processing accuracy and other types of stone grinding machines according to the relevant regulations to meet the experimental requirements. Figure 3 1) shows the large sample of mineral rock to be processed and Figure 3 2) shows the sample under processing. The specimen specifications are as follows: uniaxial compressive and bi-directional strain test: 50mm×50mm×100mm; triaxial shear test: Φ50×100. No artificial fissures were allowed to appear during the specimen preparation. According to the accuracy of specimen production, the error of specimen edge length should be less than 0.03 cm, and the parallel error of the upper and lower opposing surfaces of the specimen must be less than 0.05 mm; the adjacent two sides of the specimen should be less than 0.25° perpendicular to each other; the same is true for the perpendicularity of the specimen end face and axis, and the processing accuracy of all specimens reached the specified standard.
[image: Figure 2]FIGURE 2 | Field acquisition.
[image: Figure 3]FIGURE 3 | Machining process of the test piece.
The density determination test focused on determining the apparent density of the ore and rock and the sample used was the sample for determining the uniaxial shear strength, which was carried out before the determination of uniaxial shear strength and its deformation parameters (Sugiyama et al., 2021; Zingano et al., 2021; Anderson et al., 2022). The results of the measurements are presented in Table 1, and according to the test results, the density of iron ore is 3.64 g/cm3, the density of dolomite is 2.93 g/cm3, the density of mica rock is 2.97 g/cm3, and the density of feldspar−slate is 2.87 g/cm3.
TABLE 1 | Statistical table of apparent density measurement results of mineral rocks.
[image: Table 1]The uniaxial compressive strength experiment uses the apparatus including a WANCE-106 type electronic universal testing machine and digital static strain gauge. The principle of determination is by the ratio of the maximum load to the loaded area when the specimen is compressed by longitudinal load only and damage occurs without restriction around; the value is numerically made the uniaxial compressive strength of the specimen. Longitudinal and transverse resistance strain gauges were applied to each specimen, as shown in Figure 4A. During the experiment, the loading speed was set to 0.5 MPa/s, and the maximum load from the beginning of the experiment to the time of damage to the specimen was recorded, as shown in Figure 4B. The experimental results are shown in Table 2. According to the uniaxial compressive strength test, the uniaxial compressive strength, elastic modulus, and Poisson’s ratio of iron ore were 185.57 MPa, 7.4×104 MPa, and 0.24, respectively; the uniaxial compressive strength, elastic modulus, and Poisson’s ratio of dolomite were 120.96 MPa, 7.34×104 MPa, and 0.22, respectively. The uniaxial compressive strength, elastic modulus, and Poisson’s ratio of mica rock were 50.64 MPa, 5.49×104 MPa, and 0.22, respectively; the uniaxial compressive strength, elastic modulus, and Poisson’s ratio of feldspar−slate were 128.61 MPa, 9.56×104 MPa, and 0.25, respectively.
[image: Figure 4]FIGURE 4 | Uniaxial compressive test procedure for mineral rock specimens.
TABLE 2 | Test results of compressive strength of mineral rock specimens.
[image: Table 2]In order to make the test conditions close to the three-way stress state that the rock is subjected to, the equipment used in this experiment is a triaxial press. The specimens were subjected to a lateral envelope pressure of σ2 = σ3, and the triaxial press was loaded at a rate of 0.5–1.0 MPa/s loading σ1 until complete shear failure of the specimens occurred. The shear damage of the rock specimen was consistent with the Moore strength criterion, and the angle between the damaged section and the maximum principal stress plane of the specimen was (45-φ/2)°. In this experiment, the SAJS-2000 rock triaxial straight shear testing machine was used for the test and its experimental procedure is shown in Figure 5, and the triaxial shear strength results are shown in Table 3. According to the rock triaxial shear test, the cohesion and internal friction angle of dolomite were 17.61 MPa and 47.24°, respectively; the cohesion and internal friction angle of the feldspar−slate were 16.98 MPa and 44.31°, respectively.
[image: Figure 5]FIGURE 5 | Triaxial shear test of mineral rock specimens.
TABLE 3 | Triaxial shear strength of rock specimens.
[image: Table 3]4 ON-SITE BLAST VIBRATION MONITORING
The blast vibration monitoring system is generally composed as shown in Figure 6, in which the most critical is the placement and selection of the pickups and vibrometers. The two together determine the accuracy of blasting seismic wave pickup and the reliability of the pickup date. The TC-4850 blasting monitoring system of Chengdu Zhongke measurement and control is used for this blasting slope monitoring (Afanasev and Makhmudov, 2021; Leng et al., 2021). The device is compact in size and easy to carry. With versatility, it can be matched with velocity and acceleration sensors to complete different testing requirements. The instrument has an adaptive range and can preview the value, frequency, and waveform information immediately after sampling, without the support of an external computer.
[image: Figure 6]FIGURE 6 | Blasting vibration monitoring system.
In the open-pit mine blasting monitoring, the monitoring results and the results processed by the attenuation formula and other analytical applications have a significant impact on the selection of measurement points. Based on the geological engineering of the slope of the open pit, the selection of measurement points is based on the following principles: in general, blast vibration monitoring points are to be arranged in the back of the measured blast area, to determine and evaluate the impact of blast vibration on the slope; according to the location of the blast area, selected different step heights and the same engineering geological state for the deployment of points, different step heights and geological conditions on the propagation of blast vibration waves also have a great impact. In the range near the blast area that is blasting seismic effects of the range of more measurement points, to determine the range of blasting vibration attenuation and propagation law; blasting measurement points are generally chosen to be laid out in a corresponding representative point and roughly linear with the blast center. The distance and location of the measurement points from the blast area are measured and calibrated with two southern industrial GPS data collectors GIStar710, and the blast vibration measurement points are shown in Figure 7. The blasting vibration monitoring of the high steep slope open-pit mine lasted for nearly 7 months, during which vibration monitoring was conducted for pre-cracking blasting and step blasting against the boundary, respectively. Before each blasting ban, the blasting area was surveyed, the location of the measurement points was set, the required parameters of the vibration measurement instrument were set, the mode was set to be triggered after the commissioning was completed, and the location of the measurement points was recorded. The management of the guard was obeyed, the monitoring instrument was retrieved after the blasting was completed, and the relevant data were exported in time for analysis and processing. Surface mine blasting vibration test by the sensor picks up a vibration; the recorder will be a large number of vibration data processing into a waveform time course curve with speed as the vertical axis and selected time as the horizontal axis. This curve is often called the random signal waveform of the vibration parameters. The waveform mainly reflects the blast vibration rate as the relevant information embodied, eliminating other irrelevant and redundant data, and it is used to reveal the decay law of blast vibration propagation; part of the data acquisition waveform diagram is shown in Figure 8.
[image: Figure 7]FIGURE 7 | Blasting vibration measurement point arrangement.
[image: Figure 8]FIGURE 8 | Blast vibration monitoring waveform.
Based on the regression analysis test data of slope vibration by boundary blasting, the Sadowski regression analysis was conducted on the measured vibration data using the one-dimensional linear regression method. An accurate analysis of the regression results was carried out, and the regression analysis results are shown in Table 4: K is the topographic coefficient, α is the blasting vibration decay coefficient, and r is the correlation coefficient. V is the particle vibration velocity, cm/s; Q is the maximum loading amount for one period, kg; R is the horizontal distance between the measuring point of step arrangement and the center of explosion area, m. The higher the absolute value of the correlation coefficient r is close to 1, the higher the correlation is, and it is generally considered that the value of r is highly correlated when it is greater than 0.8. The regression curve of measured vibration velocity of pre-cracking blasting is shown in Figure 9. Based on the regression analysis test data of slope vibration of step blasting, the Sadowski regression analysis of measured vibration data was carried out by using the one-dimensional linear regression method through the formula, and the accuracy analysis was carried out by using the regression results. Regression analysis results are shown in Table 4, and the regression curve of measured vibration speed of pre-cracking blasting is shown in Figure 9. Regression analysis results are shown in Table 5, and the regression curves of the measured vibration velocity of pre-cracking blasting are shown in Figure 10. The correlation coefficient R is a close degree of evaluating the linear relationship, which measures the similarity between the regression analysis value and the real value. The value of R is greater than 0.8 and the closer it is to 1, the higher the degree of linear correlation. Combined with Figures 9–10 and tables 4–5, the correlation coefficient of velocity fitting results in three directions is greater than 0.8, which indicates that the vibration propagation formula has good applicability to the attenuation law of slope vibration under geological conditions. With the increase of blasting center distance, the vibration velocity of slope particles decreases continuously, and the influence of blasting center distance on blasting vibration velocity is much greater than that of elevation, indicating that the vibration measurement results have a certain reference value.
TABLE 4 | Results of regression analysis of measured vibration speed.
[image: Table 4][image: Figure 9]FIGURE 9 | Regression curve of measured vibration speed of pre-cracking blasting.
TABLE 5 | Results of regression analysis of measured vibration speed.
[image: Table 5][image: Figure 10]FIGURE 10 | Regression curve of measured vibration velocity of step blasting.
5 NUMERICAL SIMULATIONS
5.1 Strength discounting method and numerical modeling
The slope strength discount method refers to the slope with discounted slope anti-slip force that is shear strength just less than or equal to the shear force, and its slope reaches the critical damage state. The safety factor is the ratio of the discounted shear strength to the original shear strength at the critical damage strength. The calculation guideline of the strength reduction method is to apply Eqs. 1,2 to the slope rock strength: the bond force c and the friction angle are adjusted accordingly so that the slope model shows critical damage, and the safety factor Fs, which is the discount factor of the slope, is obtained at this time.
[image: image]
[image: image]
In the formula, c is the bonding force, ϕ is the frictional force, [image: image] is the discount factor, and cF and [image: image] are the discounted calculated bond force and friction angle, respectively.
In the calculation of strength reduction, there are two ways to judge the slope instability caused by strength reduction. One is that the plastic zone of the slope model is penetrated, and the other is that the calculation solution of the model is not convergent. 1) The coalescence of the plastic zone: with the decrease of slope strength, its shear capacity is continuously destroyed. Then the shear strain is produced and the plastic failure occurs. The shear strain extends from one free surface to another free surface until it is fully communicated, that is, the plastic zone is penetrating. At this time, it can be determined that the slope has been unstable. 2) The non-convergence of the solution: when the slope failure occurs, the instability part changes from static to dynamic, and the landslide also appears as unlimited displacement. In the numerical simulation, the judgment based on this phenomenon is that the ratio of displacement to the strain of the plastic failure surface with sliding displacement is not constant. At this time, the calculation program cannot find a solution that satisfies the equilibrium convergence for the static and stress−strain criteria at the same time and the slope failure is determined at this time. In the case of the natural slope only considering the self-weight effect, the safety system of the slope is calculated to find out the possible slip surface when the slope is damaged. At the same time, it also provides a basis for analyzing the influence of vibration on the slope under the following blasting dynamic loading conditions.
Numerical analysis software FLAC3D will be used to model the middle part of the south gang of the slope of this open-pit mine. The measured slope height of the south gang part of the slope is 372 m, and the final slope angle is 45°–47°. Most of the sloping rock is composed of slate, with some dolomite outcrops. The rock quality is good and there is no significant influence on the structural weakness. After years of mining, nearly 21 steps have been formed in the middle of the north gang, including three sweeping platforms, from the bottom to the upper boundary of the mine, in order of 1348 m horizontal sweeping platform, 1488 m horizontal sweeping platform, and 1544 m sweeping platform. The width of the sweeping platform is 30m, the width of the safety platform is 10 m, and the side slope angle is 75°; in the stage from 1348 m level to 1544 m level, the safety platform height is changed to 14 m and the side slope angle is still 75°; in the stage from 1544 m level to 1544 m level at the top of the slope, the platform height is 14 m and the side slope angle is 70°. The modeling uses AutoCAD to draw the slope model and then uses Rhino modeling software for 3D extrusion and mesh division. Based on the abovementioned information, the numerical analysis model is established. The Mohr−Coulomb model is selected for this slope model. The boundary constraints of the model are set as follows: along the X-direction, the left and right boundaries are constrained, and displacement is allowed in the remaining two directions; along the Y-direction, the front and rear boundaries are constrained, and displacement is allowed in the remaining directions; along the Z-direction, displacement is restricted at the bottom of the model, and free displacement is allowed at the top of the slope. The final slope model is 800 m long, 200 m wide, and 372 m high, as shown in Figure 11.
[image: Figure 11]FIGURE 11 | Side slope model.
5.2 Analysis of results
5.2.1 Static stability analysis of high and steep slopes
The destabilization of the high and steep slopes of the open-pit with damage phenomena such as sliding is associated with the creep rupture result of the shear slip zone formed by the shear force on the rock body with time steps, which in turn leads to the damage of the potential breakage zone with reduced strength unable to support the vertical gravity of its upper rock body. The slope stress and displacement clouds of this open-pit mine under self-weight conditions are shown in Figure 12. According to Figures 12 1) (b), it can be seen that the stress of the high steep slope under the influence of its gravity only appears at the maximum value at the foot of the slope, where the maximum horizontal stress is 8.7188e+04 MPa and the maximum vertical stress is 3.8691e+04 M Pa. According to the theoretical analysis, the gravity load calculation formula, where it is constant for the homogeneous continuous rock mass, the gravity load is proportional to the rock mass. Therefore, the gravity load is proportional to the height h of the rock mass, which is most influenced by the gravity load of the overlying rock layer, and the largest part of the high and steep slope is also pressurized at the foot of the slope. In the analysis of the safety of the numerically simulated slope, the slope displacement can be used as a parametric index to judge the stability of the slope. The magnitude of displacement at each node of the slope can measure whether the slope has been damaged there. As shown in Figures 12C, D, the horizontal displacement cloud and vertical displacement cloud of the high and steep slope under self-weight, the largest negative displacement appears at the upper step of the bottom clearing platform, and the maximum displacement is -4.5471e-02 m. This is because the simulated amount of rock at this place is dolomite, whose mechanical strength is lower than the rest of the slate rock on the slope; the maximum horizontal positive displacement of the slope appears inside the slope with the value of 2.7607e-03 m, which is due to the gravitational settlement of the overlying rock slope. By observing the vertical displacement cloud, it can be concluded that the maximum negative displacement appears at the excavation of the slope, and the displacement located at the deep part of the slope is a small positive value, which is due to the settlement effect of the overlying rock on the slope under the self-weight of the slope. The result is consistent with the objective settlement law.
[image: Figure 12]FIGURE 12 | Stress and displacement clouds in x and z directions under self-weight conditions.
In the actual project, it is necessary to consider that the slope deformation of the open pit is mainly shear deformation and there is tensile damage, so the tensile strength should be discounted accordingly when discounting. In this study, the strength reduction factor is 1.2, and the stress and displacement clouds after the corresponding strength reduction are shown in Figure 13. The stress of the slope at the bottom is the maximum, the maximum horizontal stress is 8.7100e+04 MPa, and the maximum vertical stress is 3.8888e+04 MPa. The maximum stress appears on the step of the slope, which is in line with the theoretical logic. The maximum displacement of the slope occurs at the step appearing at the upper part of the bottom clearing platform, which is in line with the objective law that the dolomite strength conforms to the slate strength. In the horizontal displacement diagram, the side slope steps along the top of the steps to the weak structural surface have appeared as displacement partition interface, that is, there is an obvious abrupt change in displacement. In the vertical displacement map, there is also an obvious sliding fault surface, and there is an abrupt change of displacement. Therefore, it can be concluded that the sliding damage has occurred at this time. In addition to the stress displacement cloud, the velocity cloud can also be used as a way to determine whether the slope is unstable or not. The velocity cloud is similar to the displacement cloud as shown in Figure 14. A continuous velocity equivalence zone can be seen in the velocity cloud, and the position of the potential sliding surface is consistent with the position of the sliding surface in the displacement cloud, which is verified.
[image: Figure 13]FIGURE 13 | Stress and displacement clouds after strength discounting.
[image: Figure 14]FIGURE 14 | Velocity clouds in x and z directions after discounting slope strength.
The plastic zone of the potential sliding surface is the standard of instability. When the generalized plastic strain or equivalent plastic strain passes through the top of the slope, it is used as a sign of slope failure. According to the change and distribution of some physical quantities, such as the generalized shear strain in the numerical calculation domain. When the plastic region in the domain is completely connected, the judge of the slope failure degree also needs to see whether the slope body produces infinite plastic deformation and displacement. The calculation of finite element software is judged by observing the plastic strain diagram of the plastic zone.
Figure 15 is the plastic zone distribution map of the slope after reduction. According to the distribution nephogram of the plastic zone, whether the failure surface is penetrated or not can be directly observed, which is also an important measure of slope failure. Combined with Figure 15 and the plastic zone penetration criterion, it can be seen that from the top free surface of the slope to the free surface of the first cleaning platform, the tensile failure occurs at the top of the slope and a continuous surface appears in the plastic zone and gradually forms a sliding surface.
[image: Figure 15]FIGURE 15 | Distribution nephogram of the plastic zone after slope strength reduction.
5.2.2 Dynamic stability analysis of high and steep slopes
The overall propagation velocity should be attenuated when the breaking vibration load is loaded on the high and steep slope model, so it is necessary to construct damping for the slope model. For simulating the impact process in the propagation of blasting vibration in engineering reality, the commonly used triangular impulse load waveform is proposed to be used. When the triangular load is loaded, the peak value of the load needs to be determined to simulate the blast impact, and the loading action time of the dynamic load also needs to be considered. There are two nodes of this load, that is, the dynamic load value undergoes two loading parts, rising and falling. According to the literature, the formula for the peak stress Pmax of the blast dynamic load is shown as follows.
[image: image]
Pmax is the peak blast vibration load pressure, pa. [image: image] is the density of the field explosive or emulsion explosive,1300 kg/m3, and D is the detonation velocity of the explosive used, The value is 4000 m/s. γ is the isentropic index of the explosive and the value depends on [image: image]. According to the relevant literature, γ=3; Dc and Db are charge diameter and hole diameter respectively, mm; lc and lb are the lengths of the bore, m; n is the magnification of uncoupled charge. Values of 8–11 and n=11. The relevant literature shows (Sugiyama et al., 2021; Zingano et al., 2021; Anderson et al., 2022) an explosive shock wave produced by an explosive. The action time is only 10–6 s to 10–1 s, and the burst wave pressure action time is about 10–3 s ∼ 10−1s. The equivalent triangular load for blasting is shown in Figure 16.
[image: Figure 16]FIGURE 16 | Equivalent triangular load diagram of blasting.
The blasting equivalent triangular load built, shown in Figure 16, is loaded on the slope after discounting; 10 ms, 20 ms, 30 ms, 40 ms, and 50 ms time steps under the model horizontal direction of the velocity are shown in Figure 17. According to Figure 17, the horizontal velocity cloud under different time intervals can be seen, the velocity in the gun hole near the center shows a regular waveform transmission, indicating that the blast wave generated by the blast is also from the center to the surrounding dispersion, and as the horizontal velocity decreases, the blast wave also decreases. Also, as the horizontal velocity decreases, the blast waveform gradually decreases. In addition, the blast waveform is irregular or asymmetric diffusion trend at the periphery of the hole, the main reasons for this phenomenon are the following two aspects: first, the model is not a symmetrical structure on the left and right of the hole, which leads to different blast responses, that is, different velocity propagation patterns; second, the blast center is different from the boundary on both sides, and the left side of the simplified gun hole near the boundary is set as a static boundary, to prevent the boundary on both of the abovementioned cases, which will cause the difference of dynamic response of the slope.
[image: Figure 17]FIGURE 17 | Horizontal displacement cloud map.
After loading the blast equivalent triangular load, the response of the slope to the vibration load under different time intervals is calculated for the dynamic load of the high and steep slope model, that is, the horizontal displacement clouds, vertical displacement clouds, and displacement increment clouds of this model at 10 ms, 20 ms, 30 ms, 40 ms, and 50 ms time intervals are studied, as shown in Figure 18. As can be seen from Figure 18, the horizontal displacement and displacement increment cloud show that the maximum value of both appears at the 1290 m level, that is, at the foot of the slope, and the vertical displacement on the cloud shows that its maximum value is easy to appear at the position of the waist and the top of the slope and coincides with the place where the slope is easy to slide after the discount of static load strength. The maximum horizontal displacement is 2.5e-7m, the maximum vertical displacement is 4.23e-8m, and the maximum displacement increment is 2.64e-7m, and the displacement changes gradually decrease with the weakening of the vibration wave.
[image: Figure 18]FIGURE 18 | Horizontal displacement, vertical displacement, and displacement incremental cloud map 5.
6 CONCLUSION
In this study, the high and steep slope of an open-pit mine in Inner Mongolia is taken as the engineering research background. After the preliminary field survey, the physical and mechanical properties of the ore and rock indoor test and the long-term production blasting vibration monitoring, the monitoring data are analyzed by regression analysis. Then the results of processing and analysis are combined with FLAC3D to establish a numerical model, respectively, based on the static weight and blasting dynamic load under two kinds of slope stability studied, and the conclusions are as follows:
1) The vibration frequency of pre-splitting bench blasting in the quarry is mainly between 10 and 50 Hz, the vibration velocity of the mass point is 8–12 cm/s, and the allowable vibration velocity of pre-splitting bench blasting is 10 cm/s. The pre-splitting blasting of the quarry adopts a single-ring detonation limited charge and radial decoupling charge, and the bench blasting adopts hole-by-hole detonation. The energy of blasting seismic waves is small and the overall trend of blasting vibration velocity is still attenuation law. Pre-cracking blasting in the quarry takes a single-ring detonation charge limit and radial uncoupled charge, step blasting using hole-by-hole detonation, blasting seismic wave energy is small, so the blast vibration speed on the slope of the elevation amplification effect is not obvious, and the overall trend is still the decay law of the blast vibration speed.
2) The blast vibration decay law equations for the horizontal radial, horizontal tangential, and vertical directions of pre-cracking blasting in the east quarry are [image: image], [image: image], and [image: image]. The decay law formula of vibration velocity in the horizontal radial, horizontal tangential, and vertical directions of step blasting are [image: image], 、 [image: image], and [image: image]. Slope horizontal radial, horizontal tangential, and vertical blasting vibration velocity arrangements are not fixed, with the blasting single sound amount and blast source distance different.
3) A potential slip surface appears after the strength reduction of the slope, and the size of the surface and the arc of the slip band will continue to increase with time. After calculation, the safety factor of the high and steep slope is about 1.2, and the displacement of the sliding zone passing through the slope is small. Therefore, it is concluded that the slope has good stability in the current state. Under blasting triangular load, the maximum horizontal displacement of the slope is 2.5e-7m and the maximum vertical displacement is 4.23e-8m. With the attenuation of seismic waves, the displacement decreases gradually, and the overall displacement of the slope is small. Considering that the slope has high rock mechanical strength and good rock integrity, the blasting center position has a certain distance from the slope position.
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The soil dielectric constant model reflects the relationship between the volumetric water content and the dielectric constant. The ground penetrating radar (GPR) could quickly, precisely and non-destructively obtain the water state of the soil layers. A reasonable and reliable dielectric constant model is of great significance for predicting, monitoring and exploring water migration in soils. Taking Yunnan laterite as an example, this study comprehensively considered the key physical factors (dry density, water content, temperature) of the in situ laterite dielectric properties. The dielectric properties and the influencing factors of laterite has been discussed with the laboratory tests by reshaping laterite, and the dielectric constant model was finally proposed to evaluate the natural water state of the laterite. The results show that the relative dielectric constant of laterite increases gradually with the increasing volumetric water content, dry density and temperature respectively. The water content is the most important influencing factor, secondly followed by temperature and dry density. The dielectric constant model of laterite was built based on the influence of dry density and temperature on the relationship between the relative dielectric constant and volumetric water content. The proposed multivariate model has a good prediction effect on the water content of laterite, and the prediction effects compared with other existing models are as follows: Multivariate model, Zhao model, Malicki model, Zhou model, Topp model, Liao mode and Herkelrath model. This model could be applied to evaluate the plastic limit index and the liquid limit index using the relative dielectric constant, and then finally estimate the soft and hard state grades of laterite. This study could provide a reference for the construction of laterite dielectric constant models in different regions, and a convenient way for the estimation of the laterite water content state and engineering categories.
Keywords: laterite, relative dielectric constant, dielectric properties, volumetric water content, model
1 INTRODUCTION
Laterite is widely distributed in the Yunnan-Guizhou plateau, eastern Sichuan, Hunan and Guangxi and other regions in China as a kind of special clay soil. It is a maroon highly plastic soil formed by intense weathering and lateritizaton of carbonate rocks. Laterite has special physical and mechanical properties such as high water content, high void ratio, high strength and low compressibility, etc. (Sun et al., 2014). The dry and wet climate in laterite region is obvious, the changes of surface water and groundwater are relatively complicated, and the soil dielectric constant mainly depends on the moisture content (Chen et al., 2012; Hu et al., 2021; Wang et al., 2022). Ground penetrating radar (GPR), time domain reflectometry (TDR) and frequency domain reflectometry (FDR) techniques based on soil dielectric properties were widely applied to estimate surface soil water content (Luo et al., 2019; Liu et al., 2022). In practical engineering applications, the soil dielectric constant could be quickly and accurately measured by the above nondestructive techniques to indirectly predict the spatial and temporal distribution of surface soil moisture (Wu et al., 2019; Qiu et al., 2022). Therefore, the laterite dielectric constant model has very important applications in the irrigation automatic control of regional agricultural, protection of soil ecological environment, geological disasters monitoring, evaluation of soil and water conservation, etc.
The dielectric constant of soil is a physical quantity used to characterize the soil dielectric properties or polarizability. It is always expressed as a relative dielectric constant, this is, the ratio of the real part of the dielectric constant to the vacuum dielectric constant. There are many factors affecting the dielectric properties of soil, especially water content is known as the decisive factor. In recent years, domestic and foreign scholars have deeply studied on the dielectric properties of soil with fruitful results. They found that the dielectric properties were not only affected by water content, but also affected by soil type, composition, texture, bulk density, temperature, dry density, porosity, saturation, humidity and test frequency (Chen et al., 2012; Liao et al., 2016; Christian et al., 2017; Lv et al., 2018; Dong et al., 2020; Xiao et al., 2020; Pan et al., 2021). However, the existing studies have built different dielectric constant models for the different soil types. The dielectric constant models of the same soil type was different due to different influencing factors. Thus, how to determine the key influencing factors of soil dielectric constant and to build a reliable soil dielectric constant model deserves further discussion.
At present, the soil dielectric constant models according to different influencing factors and applicable conditions are mainly divided into three categories: empirical models, volume mixing models, and diffusion models. As far as empirical models concerned, the empirical relationships of “dielectric constant-volume moisture content” for sandy soil, fluvo-aquic soil, aeolian sandy soil, paddy soil, loess, silty clay, cohesive soil and reconstructed soil were studied widely (Topp et al., 1980; Herkelrath et al., 1991; Malicki et al., 1996; Zhu et al., 2011; Zhao et al., 2016; Liao et al., 2019; Zhou et al., 2022; Mu et al., 2022). With respect to the mixing models, they were proposed after weighted average of volume fraction and dielectric constant of soil solid, liquid and gas phases. These models were widely applied in concrete, frozen soil and other engineering fields. The representative models included linear models, root mean square models and Rayleigh models (Roth and Schulin, 1990; Taoufik et al., 2012; Gou et al., 2018; Meng and Meng, 2018; Jin and Mohammod, 2019; Savin and Muzalevskiy, 2020; Fomin and Muzalevskiy, 2021; Xu et al., 2022). In terms of diffusion models, the soil was regarded as a homogeneous four-phase mixture according to the effective medium theory, and the relationships between the volume fraction of each single phase and dielectric constant were proposed. These models could describe the microscopic effects of continuous and dispersed phases using depolarization factors (Deloor, 1968; Dobson et al., 1985; Blonquist et al., 2006; Lv et al., 2016; Xu et al., 2019).
The existing soil dielectric constant models mainly established the relationships between the water content and the dielectric constant. The soil dielectric constant could be tested by non-destructive electromagnetic techniques to inverse the soil moisture content. In particular, the soil dielectric constant models were applied to evaluate the soil water content, compactness, hardness, structures, and related quality indicators (Liao et al., 2016; Liu et al., 2016; Kabir et al., 2020; Zhou et al., 2022). However, the sensitivity analysis of the influencing factors of dielectric properties and the laterite dielectric constant models for laterite were rarely reported. It limited the model applications in the fields of environmental geotechnology, agricultural soil ecological monitoring and soil remediation.
In this study, the basic physical and mechanical indexes of laterite were determined by in-situ sampling. The laboratory tests of the laterite dielectric properties has been done with water content, temperature and dry density as variables. The sensitivity of influencing factors were analyzed by regression statistics, and then the laterite multivariate model has been proposed finally. The existing empirical models was comprehensively simulated and compared for the water state of laterite, and the prediction accuracy of each model was evaluated respectively. In contrast, the multivariate model has higher accuracy for laterite water content prediction, and it could provide a reliable reference way for the division of soft and hard grades.
2 MATERIALS AND METHODS
2.1 Experiment materials
The laterite was taken from Yunnan Province in China, and the samples were maroon and hard plastic state after removing the disturbed soil. The samples were naturally air-dried, crushed and passed through a 2 mm mesh sieve, and then put into an oven at 105°C for 24 h, and the dried soil samples were stored into plastic boxes finally. According to “Standard for Soil Test Method” (GB/T50123-2019), routine soil tests had been done to give the specific gravity, moisture content, density and consistency limit of laterite. The basic physical parameters were in Table 1.
TABLE 1 | The basic physical properties of laterite.
[image: Table 1]2.2 Experiment scheme
The soil column samples with a diameter of 61.8 mm and a height of 20 mm were prepared by the same volume mass method. The dielectric constant of samples with different water content and dry density were tested on the condition of different temperatures. A total of 108 groups of soil samples were prepared in the test, and three groups of parallel tests were used. The test results were averaged, and a total of 216 data were obtained. The specific experiment scheme as follows: ① The dry density was 1.15, 1.20, 1.25, 1.30, 1.35, and 1.40 g/cm3;② The mass water content around the optimal water content was 19%, 22%, 25%, 28%, 31%, and 34%; ③ The temperature was controlled at 5°C, 10°C, 15°C, 20°C, 25°C, and 30°C; ④ The soil column samples were made according to the above water content and dry density, and the relative dielectric constants were measured under different temperature conditions.
2.3 Experiment procedure
The specific experiment procedure as follows:① The dry soil mass corresponding to different dry densities was separately weighed using the same volume mass method; ② The soil column samples with different mass water content were prepared separately, and left for 12 h to make the moisture evenly distributed; ③ The soil column samples with diameter of 61.8 mm and height of 20 mm were made by compaction tests; ④ The prepared test samples were sealed with plastic wrap and placed in an incubator for 8 h, and then the dielectric constants were measured under different temperatures using the VC4090A LCR digital bridge; ⑤ The soil column samples after the test were dried to measure the actual water content compared with the predesigned, and the average of mass water content was converted to volumetric water content.
2.4 Experiment principle
The improved parallel plate electrode device was used to measure the relative dielectric constant of soil samples. The capacitance of soil samples was measured with parallel plate capacitance method to give the relative dielectric constant. The test principle and device were separately shown in Figure 1 and Figure 2. The VC4090A LCR digital bridge was connected with the parallel plate electrode wires. The copper electrodes with a diameter of 62 mm were closely contacted with the top and bottom of the samples, and the same pressure was applied. The capacitance of the samples has been tested with the same frequency and voltage. The relative dielectric constants were calculated by Eq. 1 as follows:
[image: image]
Here, [image: image] is the relative dielectric constant; [image: image] = 8.85 × 10–12(F/m); A is the effective area of soil sample; [image: image] is the thickness of the soil sample; d is the diameter of the soil sample; CP is the capacitance.
[image: Figure 1]FIGURE 1 | Principle of parallel plate capacitance test.
[image: Figure 2]FIGURE 2 | Improved parallel plate electrode device.
3 RESULTS AND DISCUSSION
3.1 Influencing factors of laterite dielectric properties
3.1.1 Water content
In the three phases of soil, the proportion of water not only affects the physical properties, but also plays a decisive role in the soil dielectric properties. To investigate the effect of water content on the dielectric properties of laterite, the dry density of 1.20 g cm−3 and the temperature of 20°C were controlled respectively. The relationships between relative dielectric constant and water content at different temperatures were shown in Figure 3A. The relationships between the relative dielectric constant and water content under different dry densities were shown in Figure 3B. It could be seen that the variations of relative dielectric constant with water content were more significant on the condition of different dry densities and temperatures.
[image: Figure 3]FIGURE 3 | Relationship between water content and relative dielectric constant of laterite [(A) [image: image]d = 1.20 g cm−3; (B) T = 20°C].
As shown in Figure 3, the relative dielectric constant gradually increases with the increasing water content. When the water content was low, the soil particles constituted the basic skeleton of the soil, and the relative dielectric constant was relatively less affected by the soil itself. With the gradual increase of water content, the polarization of free water increases in the soil, and the relative dielectric constant increases significantly. At the same time, the free water on the soil surface increases with the increasing temperature and dry density, and the Brownian motion and the polarization ability of free water intensifies, so the relative dielectric constant changes more obviously.
3.1.2 Dry density
The compaction of soil particles has the important effect on the dielectric properties. The spacing among soil particles variate with the increasing dry density to affect the polarization of the electric field on the particles surface. When the temperature was 15°C, the relationships between relative dielectric constant and dry density under different water content was shown in Figure 4A. When the water content was 28%, the relationships between the relative dielectric constant with dry density under different temperatures was shown in Figure 4B. The variations of dielectric constant with dry density was more obvious under the same water content conditions.As shown in Figure 4, the relative dielectric constant increases with the increasing dry density, and it is basically proportional to the dry density. Because the laterite itself has strong water absorption, so it has large pores and low relative dielectric constant when dry density is low. The contact area among soil particles increases with the increasing dry density, but the water volume remains constants, so that the thickness of the water film and the relative dielectric constant increases uniformly. The relative dielectric constant gradually increases under the same dry density when the pore water affected by the increasing water content. Meanwhile, the relative dielectric constant also gradually increases with the increasing activity of water molecules from the increasing temperature.
[image: Figure 4]FIGURE 4 | The relationship between dry density and relative dielectric constant of laterite [(A) T = 15°C; (B) [image: image] = 28%].
3.1.3 Temperature
Temperature is an important factor affecting the dielectric properties of soil. The thermal movement of water molecules intensifies to affect the density, viscosity and polarizability of water in the soil with the increasing temperatures. To investigate the influence of temperature on the relative dielectric constant, the dry density of 1.15 g cm−3 and the water content of 28% were controlled respectively. The relationships between the relative dielectric constant and temperature under different water content were shown in Figure 5A. The relationships between the relative dielectric constant and temperatures under different dry densities were shown in Figure 5B.
[image: Figure 5]FIGURE 5 | The relationship between temperature and relative dielectric constant of laterite [(A) [image: image]d = 1.15 g cm−3; (B) [image: image] = 28%].
As shown in Figure 5, the relative dielectric constant shows a gradually increasing trend with the temperatures, and the polarization ability of pore water in the soil were accelerated. The relative dielectric constant in Figure 5A continued to increase on the condition of dry density 1.15 g cm−3, especially when the water content was greater than 28%. It could be seen that the relative dielectric constant in Figure 5B gradually increased with the increasing temperature, especially when the temperature was greater than 15°C. The reason was that the thickness and the active of water film on soil surface was simultaneously enhanced in the soil.
3.1.4 Sensitivity analysis
The significant correlation analysis between the relative dielectric constant and the influencing factors was the basis of the dielectric constant model construction. Based on the least squares method, the partial variance was minimized, and the relative dielectric constant was taken as the target factor (dependent variable). The water content, dry density and temperature were used as various factors (independent variables). The results of multiple regression statistical analysis were shown in Table 2.
TABLE 2 | Results of multiple regression statistical analysis.
[image: Table 2]As seen from Table 2, the relative dielectric constant was significantly correlated with water content, dry density and temperature (p < 0.01), the tolerances were between 0.999 and 1.000, and the VIF values were between 1.000 and 1.001. It showed that the collinearity between the independent variables was very weak, and the key regression factors of the dielectric properties were water content, dry density and temperature. The greater the absolute value of the standardized partial regression coefficient (Beta), the greater the influence of independent variable on the target factor. It concluded that the influence of water content on the relative dielectric constant was the largest, followed by temperature, and dry density was the smallest.
3.2 Construction of laterite dielectric constant model
3.2.1 Model building method
Currently, the most representative empirical relationship between soil dielectric constant and volumetric water content is the Topp model (Topp et al., 1980), and the general expression is:
[image: image]
Here, [image: image] is the volume water content, [image: image] is the relative dielectric constant, and a, b, c, and d are the fitting parameters. Herkelrath et al. (1991) gives a linear relationship between the volumetric water content ([image: image]), the square root of the relative dielectric constant ([image: image]) is given by:
[image: image]
In Eq. 3, [image: image] and [image: image] are related to soil dry density and temperature. Considering the influence of various soil types and dry density ([image: image]), Malicki et al. (1996) revised the relationship between [image: image] and [image: image], and further improved the empirical relationship as follows:
[image: image]
It effectively improves the prediction accuracy of soil water content, but Eq. 4 is complex with relatively poor engineering applicability. Subsequently, Siddiqui and Drnevich (1995) established a more simplified empirical formula:
[image: image]
where w is the mass water content, and [image: image] is the density of water. Zhao et al. (2016) calibrated the water content of sand, silt soil and cohesive sand in the field considering the soil dry density, the relationship between w and [image: image] is:
[image: image]
In Eq. 6, A, B, and C are undetermined parameters, which are related to the dry density. Based on the simulation analysis on the field (Zhao et al., 2016), the following relationship was obtained:
[image: image]
Liao et al. (2016) established an empirical model of soil dielectric constant for loess with different sand contents:
[image: image]
Zhou et al. (2022) obtained a linear relationship between [image: image] and [image: image] on the basis of Eq. 5, it was given as follows:
[image: image]
In summary, it was beneficial for improving the accuracy of dielectric constant model considering the influence of dry density on dielectric properties. Based on the sensitivity analysis of influencing factors, the water content is the main factor, followed by temperature, and the dry density has the least impact. Therefore, the influence of temperature and dry density as the key factors should be considered when the relationship of “relative dielectric constant-volume water content” was built for laterite.
3.2.2 Model building analysis
The influence of dry density and temperature is the basis of laterite dielectric constant model. To investigate the influence of both factors on the relationship between relative dielectric constant and volumetric water content, the experimental data were analyzed. The relative dielectric constants increased with the increasing volumetric water content under the different dry densities shown in Figure 6 when the temperature was 20°C. Meanwhile, the relative dielectric constants increased with the increasing volumetric water content under the different temperatures shown in Figure 7 when the dry density was 1.25 g cm−3. The relationship between the relative dielectric constant and volumetric water content shown in Figure 8 has been obtained on the conditions of the temperature range of 5°C–30°C, the dry density range of 1.15–1.40 g cm−3 and the water content range of 19%–34%.
[image: Figure 6]FIGURE 6 | Relationship between water content, dry density and relative dielectric constant of laterite (T = 20°C). (A) The relationship between volume water content and relative dielectric constant of laterite (T = 20°C); (B) The relationship between volume water content, dry density and relative dielectric constant of laterite (T = 20°C).
[image: Figure 7]FIGURE 7 | Relationship between water content, temperature and relative dielectric constant of laterite ([image: image]d = 1.25 g cm−3). (A) The relationship between volume water content and relative dielectric constant of laterite (ρd = 1.25 g cm−3); (B) The relationship between volume water content, temperature and relative dielectric constant of laterite (ρd = 1.25 g cm−3).
[image: Figure 8]FIGURE 8 | Relationship between dry density, water content, temperature and relative dielectric constant of laterite. (A) The relationship between volume water content and relative dielectric constant of laterite; (B) The relationship between volume water content, temperature, dry density and relative dielectric constant of laterite.
As shown in Figure 6, the experimental and numerical results are highly consistent, and the relative dielectric constant increases with the increasing dry density and volumetric water content. The reason was that the dry density gradually increased with the decreasing pores and the increasing particles contact area in the soil, so that the free water was squeezed into the soil surface result in the increase of dielectric constant. As shown in Figure 7, the experimental results agree well with the numerical results, and the relative dielectric constant increases with both the temperature and volumetric water content. The reason was that the increasing temperature accelerated the Brownian motion of free water in soil for the electric field variations. As shown in Figure 8, it shows that the relative dielectric constant has significant correlation with volumetric water content, dry density and temperature. Therefore, the influence of dry density and temperature could not be ignored when the dielectric constant model of laterite was built.
Based on the above analysis, this study proposed the influence of dry density and temperature on the parameters of Herkelrath model for laterite. The relative dielectric constant and volumetric water content of laterite were brought into the Herkelrath model to get the parameters [image: image] and [image: image] in Eq. 3. The [image: image] and [image: image] have been fitted with the temperature and dry density shown in Figure 9 and Figure 10, respectively.
[image: image]
[image: image]
Here, [image: image] and [image: image] are the correction parameter; a, b, c, d, e, f, g are the fitting parameters, [image: image] is the dry density, T is the temperature.
[image: Figure 9]FIGURE 9 | The relationship between [image: image] value and dry density and temperature.
[image: Figure 10]FIGURE 10 | The relationship between [image: image] value and dry density and temperature.
As seen from the fitting results in Figure 9 and Figure 10, [image: image] and [image: image] values are significantly correlated with the temperature and dry density. The Eqs 10, 11 were brought into Eq. 3 to correct the parameters, and finally the multivariate model of laterite dielectric constant was as follows:
[image: image]
3.3 Simulation verification of laterite dielectric constant model
3.3.1 Simulation comparison verification
The comparison analysis of the existing empirical models and the multivariate model were applied together on the prediction of laterite water content, and this is an effective way to verify the reliability of the multivariate model. A total of 216 groups testing data of volumetric water content and relative dielectric constant were brought into Eqs 2, 3, 4, 7, 8, 9, 12 on the condition of the temperature 5°C–30°C and the dry density 1.15–1.40 g cm−3. The fitting results of each model and the correlation R were in Table 3.
TABLE 3 | Expressions of seven empirical models for laterite.
[image: Table 3]The simulating results of single variable models in Figure 11 and the bivariate variable models in Figure 12 were compared with the test data respectively, and the multivariate variable models was shown in Figure 13. The specific expressions of all the models including the Topp model, Herkelrath model, Malicki model, Liao model, Zhao model, and Zhou model for laterite were shown in Table 3. The multivariate model compared with the other models has the best accuracy for the relationship between the volume water content and the relative dielectric constant for laterite.
[image: Figure 11]FIGURE 11 | Comparative analysis of single variable simulation for latertite.
[image: Figure 12]FIGURE 12 | Comparative analysis of bivariate simulation for latertite.
[image: Figure 13]FIGURE 13 | Multivariate simulation analysis for laterite.
3.3.2 Evaluation of simulation comparison verification
The root mean square error (RMSE) was used to accurately evaluate the predicting effect of each model on the water content as follows:
[image: image]
Where [image: image] is the calculated value of the volume water content, [image: image] is the measured value of the volume water content, and n is the testing numbers. The RMSE was smaller, and the better the model predicted the water content. The testing relative dielectric constant, temperature and dry density were brought into above seven models to predict the volumetric water content. Finally, the calculated value and the measured value of volume water content were brought into Eq. 20 to give the root mean square error in Table 4.
TABLE 4 | Root mean square error of seven models.
[image: Table 4]The root mean square error of the multivariate model was the smallest in Table 4. The prediction effects of seven models on the laterite water content were as follows: Multivariate model, Zhao model, Malicki model, Zhou model, Topp model, Liao model, and Herkelrath model. This study has built the multivariate model for laterite considering the influence of temperature and dry density on the dielectric properties in situ field. The multivariate model effectively improved the prediction accuracy of the laterite water content.
3.3.3 Evaluation of the natural water content of laterite
The cohesive soil has different physical states and engineering properties with the changes of soil water content. The water content state of cohesive soil could be quickly detected using ground penetrating radar if the dielectric constant model were precise and reliable enough. The surface average temperature of Yunnan laterite was 14.4°C, the average dry density was 1.23 g cm−3, and the density of water was 1.00 g cm−3 (Wu et al., 2017; Gao and Zhang, 2021). The liquid limit of laterite was 53.2%, and the plastic limit was 30.1%. To explore a more convenient way for the evaluation of natural water content of laterite, and the relative dielectric constant should be tried to apply in the prediction of the plastic limit index as follows:
[image: image]
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The volumetric water content could be converted to the plastic limit index and liquid limit index using Eqs 21–23:
[image: image]
[image: image]
Finally, the laterite dielectric constant model Eq. 19 was brought into Eqs 24, 25, the relationship between the plastic limit index, liquid limit index and dielectric constant could be expressed as:
[image: image]
[image: image]
Where w is the natural water content, [image: image] is the volume water content, [image: image] is the density of water, [image: image] is the dry density, [image: image] is the liquid limit, [image: image] is the plastic limit, [image: image] is the liquid limit index, [image: image] is the plastic limit index, [image: image] is the relative dielectric constant, [image: image] and [image: image] are the relative dielectric constants corresponding to the liquid limit and the plastic limit, respectively.
As the average temperature of Yunnan laterite is 14.4°C and the average dry density is 1.23 g cm−3, and the laterites [image: image], [image: image], [image: image] corresponding to the liquid limit 55.6% and the plastic limit 30.1%. It could be judged that the laterite in our tests was cohesive soil ([image: image]). Based on Eq. 27, the liquid limit [image: image] and [image: image] was respectively close to the relative dielectric constant of the liquid limit and the plastic limit for laterite. The water ration was defined [image: image], and it was listed to classify the natural water state of the cohesive from the “Engineering Geology Handbook” (Chang, 2018). The corresponding relationships between the relative dielectric constant and the liquid limit index has been calculated with Eq. 19 on the condition of different natural water content for laterite in Table 5. It could be seen that the water content state evaluation of laterite has a good consistency between the liquid limit index and the relative dielectric constant. The proposed multivariate model was feasible for the application in the engineering categories of laterite.
TABLE 5 | Classification of natural water content state of laterite with the relative dielectric constant.
[image: Table 5]4 CONCLUSION

(1) The relative dielectric constant of laterite gradually increases with the increasing water content, dry density and temperature respectively, and the main influencing factors of the laterite dielectric properties was water content, followed by temperature, and finally dry density from the multiple linear regression analysis.
(2) The influence of dry density and temperature could not be ignored for the construction of dielectric constant model of laterite according to the analysis of existing models and the testing results. The laterite dielectric constant model considering the joint effects of dry density and temperature has been proposed on the basis of Herkelrath model.
(3) The comparison and verification of the test data with the existing models shows that the multivariate model has the best fitting accuracy on the relationship “relative dielectric constant-volume water content” of laterite. The root mean square error was used to evaluate the prediction accuracy of each model for the laterite water content as follows: Multivariate model, Zhao model, Malicki model, Zhou model, Topp model, Liao model, and Herkelrath model.
(4) The relationships between the relative dielectric constant, plastic limit index and liquid limit index of laterite were derived based on the multivariate model, and this model could be used to classify the natural water content state of laterite. The multivariate model could provide a convenient way for the rapid, nondestructive and accurate quantitative prediction of the surface water content state, and further evaluate the soft and hard grades and engineering categories of laterite (Hu et al., 2021).
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding authors.
AUTHOR CONTRIBUTIONS
XX: Conceptualization, investigation, writing—original draft, writing—review and editing. HW: Data acquisition and analysis, investigation and editing. XQ: Methodology, funding acquisition. CL: Formal analysis, supervision. BC: Testing samples preparations. GP: Data acquisition, investigation. All authors have read and agreed to the published version of the manuscript.
FUNDING
This study has been financially supported by National Natural Science Foundation of China (Grant No. 41867040), Qiandongnan Science and Technology plan project [(2022) No. 51], National Natural Science Foundation of China (Grant No. 42107195), Fundamental Research Program of Yunnan Province (202101AT070271); Yunnan Province High level Talents Training Support Program “Young Topnotch Talent” Special Project (XX).
ACKNOWLEDGMENTS
We are grateful for the comments of the reviewers, which greatly improved the quality of this study.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 Blonquist, J., Jones, S., Lebron, I., and Robinson, D. A. (2006). Microstructural and phase configurational effects determining water content: Dielectric relationships of aggregated porous media. Water Resour. Res. 42 (5), 387–403. doi:10.1029/2005WR004418
 Chang, S. B. (2018). Engineering Geology Handbook. Beijing: China Construction Industry Press. 
 Chen, Q., Zeng, J., Li, Z., Zhou, J., Tian, B., and Zhou, J. (2012). Relationship model of soil moisture and dielectric constant monitored with remote sensing. Trans. Chin. Soc. Agric. Eng. 28 (12), 171–175. doi:10.3969/j.issn.1002-6819.2012.12.028
 Christian, N. K., Liu, H., Takahashi, K., Shimada, M., Watanabe, M., Khuut, T., et al. (2017). In-situ measurement of soil permittivity at various depths for the calibration and validation of low-frequency SAR soil moisture models by using GPR. Remote Sens. 9 (6), 580. doi:10.3390/rs9060580
 Deloor, G. P. (1968). Dielectric properties of heterogeneous mixtures containing water. J. Microw. Power 3 (2), 67–73. doi:10.1080/00222739.1968.11688670
 Dobson, M. C., Ulaby, F. T., Hallikainen, M. T., and El-rayes, M. (1985). Microwave dielectric behavior of wet soil-Part II: Dielectric mixing models. IEEE Trans. Geosci. Remote Sens. 23 (1), 35–46. doi:10.1109/tgrs.1985.289498
 Dong, L., Wang, W., and Wu, Y. (2020). Dielectric properties of saline soil and an improved dielectric model. Remote Sens. Technol. Appl. 35 (4), 786–796. doi:10.11873/j.issn.1004-0323.2020.4.0786
 Fomin, S., and Muzalevskiy, K. (2021). A dielectric model for frozen mineral soils at a frequency of 435MHz. Remote Sens. Lett. 212 (9), 944–950. doi:10.1080/2150704x.2021.1947537
 Gao, H., and Zhang, J. (2021). Statistical regularity of physical and mechanical indexes of secondary red clay in Chenggong district, kunming. Coal Geol. Explor. 49 (5), 174–181. doi:10.3969/j.issn.1001-1986.2021.05.019
 Guo, Y., Xu, S., and Shan, W. (2018). Development of a frozen soil dielectric constant model and determination of dielectric constant variation during the soil freezing process. Cold Regions Sci. Technol. 151, 28–33. doi:10.1016/j.coldregions.2018.03.006
 Herkelrath, W. N., Hamburg, S. P., and Murphy, F. (1991). Automatic real time monitoring of soil moisture in a remote field area with time domain reflectometry. Water Resour. Res. 27 (5), 857–864. doi:10.1029/91WR00311
 Hu, J. D., Li, L., Iderawumi, A. M., Feng, Y., Li, B., and Wei, W. (2021). Research progress of soil water content measurements using dielectric properties. Henan Agric. Univ. Newsp. 55 (4), 603–611. doi:10.16445/j.cnki.1000-2340.20210618.002
 Jin, X., and Mohammod, A. (2019). Simple empirical formulas to estimate the dielectric constant and conductivity of concrete. Microw. Opt. Technol. Lett. 61 (2), 386–390. doi:10.1002/mop.31577
 Kabir, H., Khan, M., Brodie, G., Gupta, D., Pang, A., Jacob, M. V., et al. (2020). Measurement and modelling of soil dielectric properties as a function of soil class and moisture content. J. Microw. Power Electromagn. Energy 54 (2), 3–18. doi:10.1080/08327823.2020.1714103
 Liao, H., Sun, J., Zan, Y., Zhu, Q., and Gu, F. (2016). Dielectric constant model for soil and its application in engineering. Chin. J. Geotechnical Eng. 38 (S2), 36–41. doi:10.11779/CJGE2016S2006
 Liao, H., Dong, H., Ning, C., Zhang, J., and Sun, J. (2019). A new logarithmic dielectric constant model of soils. JGS. Spec. Publ. 7 (2), 281–286. doi:10.3208/jgssp.v07.044
 Liu, N., Li, X., Guo, B., and Min, X. (2016). Compaction evaluation of reclamation soil in coal mining district based on modified dielectric constant model. J. Soil Water Conservation 30 (04), 318–322. doi:10.13870/j.cnki.stbcxb.2016.04.053
 Liu, Z., Qiu, H., Zhu, Y., Liu, Y., Yang, D., Ma, S., et al. (2022). Efficient identification and monitoring of landslides by time-series InSAR combining single- and multi-look phases. Remote Sens. 14, 1026. doi:10.3390/rs14041026
 Luo, G., Cao, Y., Bai, Z., Kuang, X., Wang, S., and Song, L. (2019). Representation and inversion of reconstructed soil volumetric water content in loess open pit mining area. J. Ecol. Rural Environ. 35 (4), 529–537. doi:10.19741/j.issn.1673-4831.2018.0506
 Lv, H., Jiang, W., Zhao, Y., and Zeng, Z. (2016). Relationship between volumetric water content and effective dielectric permittivity of Nanning expansive soil. Rock Soil Mech. 37 (08), 2145–2150. doi:10.16285/j.rsm.2016.08.003
 Lv, G., Yang, J., Li, N., Hu, D., Zhang, Y., and Zhao, F. (2018). Dielectric characteristics of unsaturated loess and the safety detection of the road subgrade Based on GPR. J. Sensors 2018 (01), 1–8. doi:10.1155/2018/5185460
 Malicki, M., Plagge, R., and Roth, C. (1996). Improving the calibration of dielectric TDR soil moisture determination taking into account the solid soil. Eur. J. Soil Sci. 47 (3), 357–366. doi:10.1111/j.1365-2389.1996.tb01409.x
 Meng, M., and Meng, X. (2018). Effect of temperature and frequency on dielectric model of cement concrete. Bull. Chin. Ceram. Soc. 37 (05), 1758–1764. doi:10.16552/j.cnki.issn1001-1625.2018.05.045
 Mu, Q., zheng, J., Yu, Y., Meng, L., and Liu, F. (2022). In-situ discrimination of collapsible loess through the time-domain reflectometry (TDR). Chin. J. Geotechnical Eng. 44 (06), 1115–1123. doi:10.11779/CJGE202206016
 Pan, X., Han, Y., Chun, K., Zhang, J., Ma, D., and Gao, H. (2021). On the laboratory calibration of dielectric permittivity models for agricultural soils: Effect of systematic porosity variation. Vadose zone J. 20 (1), 1–14. doi:10.1002/vzj2.20096
 Qiu, H., Zhu, Y., Zhou, W., Sun, H., He, J., and Liu, Z. (2022). Influence of DEM resolution on landslide simulation performance based on the Scoops 3D model. Geomat. Nat. Hazards Risk 13 (1), 1663–1681. doi:10.1080/19475705.2022.2097451
 Roth, K., Schulin, R., Fluhler, H., and Attinger, W. (1990). Calibration of time domain reflectometry for water content measurement using a composite dielectric approach. Water Resour. Res. 26 (10), 2267–2273. doi:10.1029/wr026i010p02267
 Savin, I., and Muzalevskiy, K. (2020). Dielectric model for thawed organic soils at frequency of 435 MHz. IEEE Geosci. Remote Sens. Lett. 18 (2), 218–221. doi:10.1109/LGRS.2020.2975027
 Siddiqui, S., and Drnevich, V. (1995). A new method of measuring density and moisture content of soil using the technique of time domain reflectometry. West Lafayette: Joint Highway Research Project, Purdue University. 
 Sun, D., Liu, W., and Lu, H. (2014). Soil-water characteristic curve of guilin lateritic clay. Geomechanics 35 (12), 3345–3351. doi:10.16285/j.rsm.2014.12.038
 Taoufik, B., Jamal, E., Broone, F., and Ballivy, G. (2012). Modelling dielectric-constant values of concrete: An aid to shielding effectivenes prediction and ground-penetrating radar wave technique interpretation. J. Phys. 45 (40), 1–12. doi:10.1088/0022-3727/45/40/405401
 Topp, G., Davis, J., and Annan, A. (1980). Electromagnetic determination of soil water content: Measurements in coaxial transmission lines. Water Resour. Res. 16 (3), 574–582. doi:10.1029/WR016i003p00574
 Wang, L., Qiu, H., Zhou, W., Zhu, Y., Liu, Z., Ma, S., et al. (2022). The post-failure spatiotemporal deformation of certain translational landslides may follow the pre-failure pattern. Remote Sens. 14, 2333. doi:10.3390/rs14102333
 Wu, J., Gao, X., Han, Z., and Xu, Y. (2017). Analysis of the change of comfort index over Yunnan Province based on effective temperature. Adv. Earth Sci. 32 (2), 174–186. doi:10.11867/j.issn.1001-8166.2017.02.0174
 Wu, Z., Du, W., Nie, J., and Cui, F. (2019). Detection of cohesive soil water content based on early signal amplitude envelope of ground penetrating radar. Chin. J. Agric. Eng. 35 (22), 115–121. doi:10.11975/j.issn.1002-6819.2019.22.013
 Xiao, J., Yang, W., Gao, X., and Li, Z. (2020). Analysis and modeling of the complex dielectric constant of bound water with application in soil microwave remote sensing. Remote Sens. 12 (21), 3544–1030. doi:10.3390/rs12213544
 Xu, J., Zhao, Z., Wang, Y., Wang, L., and Shao, M. (2019). Soil dielectric measurement based on bilinear theory. J. Agric. Mach. 50 (12), 322–331. doi:10.6041/j.issn.1000-1298.2019.12.037
 Xu, X., Zhang, W., and Wang, Y. (2022). Measuring and modeling the dielectric constant of soil during freezing and thawing processes: An application on silty clay. Acta Geotech. 2 (2), 1–20. doi:10.1007/s11440-022-01487-8
 Zhao, Y., Ling, D., Wang, Y., Huang, B., and Wang, H. (2016). Study on a calibration equation for soil water content in field tests using time domain reflectometry. J. Zhejiang Univ. Sci. 17 (03), 240–252. doi:10.1631/jzus.A1500065
 Zhou, J., Li, Y., Zang, Y., Mao, H., Wang, M., and Wang, L. (2022). A method for determination of soil gravimetric water content and dry density rapidly based on frequency domain reflectometry. J. Hohai Univ. 5 (12), 1–12. https://kns.cnki.net/kcms/detail/32.1117.tv.20220425.1147.010.html. 
 Zhu, A., Ji, L., and Zhang, J. (2011). Empirical relationship between soil dielectric constant and volumetric water content in various soils. Acta Pedol. Sin. 48 (02), 263–268. 
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Xu, Wang, Qu, Li, Cai and Peng. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 09 January 2023
doi: 10.3389/feart.2022.994593


[image: image2]
Hazard assessment and formation mechanism of debris flow outbursts in a small watershed of the Linxia Basin
Weimin Yang1,2,3*, Feipeng Wan1,2,4, Siqi Ma1,2,3, Jingkai Qu1,4, Chunshan Zhang1,2,3 and Haibing Tang1,2,4
1Institute of Geomechanics, Chinese Academy of Geological Sciences, Beijing, China
2Key Laboratory of Active Tectonics and Geological Safety, Ministry of Natural Resources, Beijing, China
3Research Center of Neotectonism and Crustal Stability, China Geological Survey, Beijing, China
4School of Earth Sciences and Resources, China University of Geosciences, Beijing, China
Edited by:
Haijun Qiu, Northwest University, China
Reviewed by:
Chao Ma, Beijing Forestry University, China
Lingzhi Xiang, Chongqing Jiaotong University, China
* Correspondence: Weimin Yang, snon_72@163.com
Specialty section: This article was submitted to Geohazards and Georisks, a section of the journal Frontiers in Earth Science
Received: 15 July 2022
Accepted: 26 September 2022
Published: 09 January 2023
Citation: Yang W, Wan F, Ma S, Qu J, Zhang C and Tang H (2023) Hazard assessment and formation mechanism of debris flow outbursts in a small watershed of the Linxia Basin. Front. Earth Sci. 10:994593. doi: 10.3389/feart.2022.994593

The Linxia Basin is located in the transition zone between the Qinghai–Tibet Plateau and the Loess Plateau in China. Collapse–landslide–debris flow geological disasters are particularly prevalent in this region. Taking a debris flow that occurred in Zhangjiayuan gully, Dongxiang County, as an example, the characteristics and formation mechanism were studied through field investigation and remote sensing interpretation methods. The hazard zoning and influence range of the debris flow were analysed under different precipitation conditions using numerical simulations. The results show that the debris flow in Zhangjiayuan gully experienced medium-to small-scale, rapid and catastrophic viscous mud flows, with activity frequencies ranging from medium to low. Because large numbers of landslides, collapses and overland flows developed on the gully bank slope, material sources for debris flows were abundant but were supplied intermittently. Induced by heavy rainfall, the landslides on the bank slipped into the gully, and then the landslide mass blocked the channel and formed a weir dam. As water converged in the gully, the dam body softened to mud, seepage deformation occurred, and the dam then burst to form a debris flow. This disaster mode represents a kind of rainfall-type landslide–blockage–debris flow disaster chain. Under varying conditions in which heavy rainfall occurs once every 10 years or once every 50 years, debris flows may break out in Zhangjiayuan gully, and the Zheda highway and the associated tunnels located below the gully are in medium–high debris flow danger zones. When a debris flow rushes out of the gully mouth and cannot be discharged in time, it accumulates and buries the highway and tunnels. Therefore, attention should be given to preventing such small-scale sudden debris flow disasters and strengthening the early warning capacity of debris flow prevention to ensure the safe operation of highway.
Keywords: debris flow, hazarda assessment, formation mechanism, small watershed, western gully of zhangjiayuan
1 INTRODUCTION
Debris flows are one of the geomorphic agents carrying large amounts of solid material. Because of sudden initiation and complicated formation processes, debris flows have strong destructive power to cause casualties (Peng et al., 2004; Zhang et al., 2016). The Linxia Basin in Gansu Province China is located at the transitional region between the Tibetan Plateau and the Loess Plateau, where debris flows are highly developed (Li and Zeng 1982). Debris flows in this region often accompany with catastrophic disasters, as exemplified by some cases on 20 July 1964, 7 July 1965 and 21 July 2013 (Qu et al., 2018). In fact, debris flows in the region mainly depend on the rainfall condition, as the material resources is unlimited and mainly from the loess deposits (Zhang and Tang 1994; Liu et al., 2001). However, detailed information about local debris flow event is few, and it is worth us to explore the characteristics and risk potential in rainstorm with varied recurrence period.
Debris flows in Linxia Basin are commonly small scale and low frequency (Wang, 1995; Ma et al., 2006). Due to the concealment, unclear genetic mechanisms and insufficient hazard estimation, local debris flow has been rarely documented. Though the annual precipitation in Linxia Basin is far less than other regions, occasional rainstorm occur in rainy season (Liu et al., 2001; Qu et al., 2018). In the eastern part of the Tibetan Plateau, local debris flows can be triggered not by rainstorm, but a combination of heavy rainfall and earthquakes (Hu and Zhong, 2002; Wei et al., 2002; Su et al., 2004; Tang et al., 2011a; Liu et al., 2011; Ni et al., 2011; Guo et al., 2014; Xu et al., 2017). With the global climate warming and increasing seismic events, extreme weather in Linxia Basin and its surrounding areas may occur in future. Recently, some extreme events that never occur before have been documented. On 21 July 2013, a heavy rain in Hedong, Gansu Province, poured hourly rainfall up to 82.3 mm. From August 17 to 30, 2017, a continuous rainfall lasted 15 days and covered the hilly area from Lanzhou to Jingyuan. From September to October 2021, the southeast part of Gansu province suffered heavy rainfall and caused tremendous landslides. It can be speculated that extreme events could promote the debris flows possibility because slope failures in Linxia Basin are more prone to occur than other mountain regions in eastern marginal boundary of the Tibetan Plateau.
Quantitative evaluation provides an effective way to reduce disaster losses (Pasutoa and Soldati 2004). Many hazard assessment methods have been proposed, such as the analytic hierarchy process, fuzzy comprehensive evaluation, logistic regression model, deterministic distribution model, and geographic information system (Delmonaco et al., 2003; Huggel et al., 2003; Paudel et al., 2020). Numerical simulations analysis can better simulate the movement process and movement characteristics (Chau and Lo 2004; Song et al., 2018; Monia et al., 2020), and determine the runout and deposition of debris flows (Magirl et al., 2010). Among them, FLO-2D is commonly used to analyse the risk potential of mud flow or flood (O’Brien et al., 2009; Bertolo and Wieczorek 2005; Zhang et al., 2014; Liang et al., 2016). Such method can provide the potential inundation areas under given rainstorm with varied recurrence period, which is helpful for risk zoning according to the predicted flow depth, maximum velocity and flow mass (Hungr, 1995; Erena et al., 2018; Chang et al., 2019a; Liu et al., 2020; Wu et al., 2022). In Linxia Basin where debris flows are rarely documented, it is important to delineate the potential inundation areas considering the rainstorm recurrence period. Furthermore, detailed description of debris flows there are also important for risk assessment and hazard mitigation.
The early identification and genetic mechanism of debris flows in the Linxia basin are few, and potential risk evaluation is also rarely reported. On 24 April 2021, a severe mud flow event occurred in the Zhangjiayuan watershed, Dongxiang County, Linxia Hui Autonomous Prefecture, Gansu Province, China. This case provided a valuable chance to know about the characteristics and formation condition of mud flow. In this work, the rainfall triggering condition, material sources and deposits were clearly documented according to the timely investigation by the research team of Institute of Geomechanics, Chinese Academy of Geological Sciences. Then, the potential hazard of mud flows at two rainfall probabilities were numerically assessed by FLO-2D and the hazard zoning were divided by the flow depth and momentum. The results will contribute to comprehend the formation mechanics of mud flow in Loess Plateau, China, and its nearby surroundings, which also provide a reference for hazard mitigation and forecasting for debris flows.
2 ENVIRONMENTAL AND GEOLOGICAL SETTINGS
The study area is located in north-western part of Dongxiang County, Linxia Hui Autonomous Prefecture, Gansu Province. As the study area is on the transitional region between the Tibet- and Loess-Plateau (Figure 1A), the tableland area is heavily incised. Tectonically, the Linxia Basin is between the Qilian Mountain and the Qinling orogenic belt (Figure 1B). Upper Pleistocene Malan loess mainly exposed in the study area. In Zhangjiayuan watershed, Neogene rocks expose at the gully bottom and at the valley bottom, and the brick-red-sandy mudstone is nearly horizontal. The Malan loess, which is more than 50 m thick, drapes on the Neogene deposits. The Zhangjiayuan watershed is a fan-shaped watershed located on the tableland of Yellow River. The area of the watershed is 1.36 km2, and the mean channel gradient is 130‰. The main channel, which has a total length of 1.78 km, drains into the Liujiaxia Reservoir. Within the Zhangjiayuan watershed, the highest elevation is 2020 m, and the relative relief of watershed is 251 m (Figure 1C). The watershed outlet is approximately 30 m over the Liujiaxia Reservoir. In the transport section, the channel is 1.21 km long and is incised to V-shape.
[image: Figure 1]FIGURE 1 | Simplified topography and geological setting of the Zhangjiayuan watershed (A) location of the study area in the transitional regions of Tibet Plateau and Loess Plateau, (B) geological setting of the study area and (C) simplified topography of the study area.
This area is located in temperate semiarid climate zone with most rain fallen between July and September. The annual precipitation ranges from 336.5 mm (in 1980) to 707.5 mm (in 2007). According to the meteorological records from 1986 to 2005, the annual mean temperature was 5.6°C and annual mean precipitation was 530 mm. However, the average annual temperature and monthly average temperature of Zhangjiayuan watershed were slightly higher than those of the whole county. Within the study area, the rainy years have a general recurrence pattern of 5–6 years, and the dry years have a recurrence of 8 to 10 years (Figure 2). The maximum daily precipitation was high up to 62.7 mm, and the maximum hourly rainfall was 45.0 mm. In the past 50 years, there were 5 events with daily precipitation >50 mm, and approximately one heavy rainfall event (>50 mm) occurred in 10 years interval.
[image: Figure 2]FIGURE 2 | Climatic conditions of the study area according to the meteorological station at Dongxiang County.
3 DATA AND METHODS
3.1 Data collection
In this work, field investigation and remote sensing image interpretation combine to examine the material resources. Laboratory tests, inspecting the mudflow properties, provide the physical parameters to numerical simulation work of delineating potential inundation areas. The morphological and geometric parameters of the gully, the landslides developed on the bank, and the flow marks of debris flow were measured by hand-held laser rangefinder during field investigation. The distribution of landslides and depositional area is finely interpreted by remote sensing images (Liu et al., 2022b; Qiu et al., 2022). The physical parameters of the debris flow deposits are analysed in laboratory tests.
Debris flow samplings were taken at the depositional area of Zhangjiayuan watershed. During investigation, road departments and debris flow control personnel were interviewed to determine the flow pattern of debris flows. The samples were adjusted to the fluid state at the time of the debris flow outbreak, and the bulk density was calculated after weighing. The consistency limit of the deposits was measured by a liquid–plastic combine tester in the laboratory. Grains >0.05 mm were sorted by sieve analysis, and grains <0.05 mm were treated by hydrometer analysis.
3.2 Setting the simulation conditions and characterization parameters of the debris flow
According to meteorological records from the China National Meteorological Administration and local meteorological bureaus, the maximum daily precipitation of the study area was 62.7 mm on 18 August 1970. During 2011 and 2021, the maximum daily rainfall reached 55.7 mm. Therefore, the maximum 50-year precipitation (probability p =2%) was set to 62.7 mm and the maximum 10-year precipitation (probability p =10%) was set to 55.7 mm.
The parameters of the debris flow calculation were set based on field investigations and lab tests, by referring to existing research results and the FLO-2D user manual. Referencing the FLO-2D manual and previous researches (Zhang et al., 2014; Hou et al., 2021), the laminar flow arrest coefficient (K) was set to 2280 as the debris flows in Zhangjiayuan watershed are typically mud flows. The viscosity coefficient (η) and yield stress (τy) mainly depend on the volume concentration of sediments, which is solved by obtaining the correlation between [image: image] and [image: image] (Hou et al., 2021; Wu et al., 2022). Wang et al. (2003) proposed a unified relationship among the sand ratio–volume concentration–rheological parameters. The calculated experimental parameters, namely, α1, α2, β1, and β2, were set to 0.000247, 0.03, 15.48, and 14.42, respectively. According to the above relationship, mud depth and other characteristics of the debris flow, the Manning roughness coefficient ([image: image]) of channel and slope were calculated to be 0.30 and 0.35, respectively.
Due to the reactivation of the H-08 landslide, the sliding body blocked the channel and formed a barrier dam. The upstream side of the landslide dam was determined as the water catchment point (Figure 1C and Figure 3A). According to the clear water flow line and amplification coefficient [image: image] (where [image: image] is volumetric concentration of the solid phase within debris flow) extracted from rainfall-runoff simulations, the flow process curves of debris flow at catchment point can be obtained with probabilities of 10% and 2%, respectively (Figures 3B,C).
[image: Figure 3]FIGURE 3 | Catchment point setting and flow process curve of the analysed debris flow.
4 RESULTS
4.1 Description of the debris flow event
The debris flow in Zhangjiayuan watershed occurred in the early morning of 24 April 2021, following the rainstorm started in the night of 23 April 2021. There were no meteorological stations near the study area, as it is about 33 km away from the urban area of Linxia County. However, the local inhabitants near the study area told that April this year was sufficient in precipitation, whereas it was not so previously. Owing to increasing extreme weather events in recent years, the rainy seasons occur earlier or later, and heavy rainfall may occur in April or even October subsequent years. In the study area, the rainy season of 2021 started at the end of March (Figure 4). Four heavy precipitation events occurred till the end of April, including the events from March 31 to April 4, April 7 to April 12, April 18 to April 20 and April 23 to April 25. The rainfall totals were 15.4 mm on April 2 and 11.5 mm on April 23, indicating that the rainfall process was long duration.
[image: Figure 4]FIGURE 4 | Precipitation variations in Ningxia County from 29 March 2021, to 29 April 2021.
According to the field investigation and the information from Transport Department of Gansu Province, the debris flow volume was approximately 9, 000 m3, with approximately 2, 000 m3 in tunnel and 7, 000 m3 in channel. Majority of sediments deposited at the tunnel mouth and on the Zheda highway, thus caused damage to the west entrance of Tunnel No. 408 and to the east entrance of Tunnel No. 409. The length of the depositional area in Tunnel No. 408 was 146 m, and the highest mud level was 3.5 m (Figure 5A); however, this length was 25 m in Tunnel No. 409, with a mud level of 3.3 m. Importantly, the debris flow travelled across the road and delivered sediments on the right bank of the Liujiaxia Reservoir (Figure 5B). The depositional fan was 90 m in length, 58 m in width, 1–3 m in thickness, with diffusion angle 120° and magnitude of 2, 500 m3.
[image: Figure 5]FIGURE 5 | Debris flow characteristics and treatment engineering measures applied in Zhangjiayuan gully (A) Mud level at the west entrance of Tunnel 408 lens: NE; General view of the circulation area and debris flow outlet: SEE; (B) Debris flow depositional area lens: NE; (C). Landslides that occurred on the left bank of the gully upstream (H-06) lens: S; (D) Landslide on the right bank in the transportation area lens: NE; (E) Culvert under the highway lens: SE; (F) Retaining wall upstream of the culvert lens: SE.
In accordance with particle component analysis and physical property measurement, the debris flow density is 18.0 kN/m3. The liquid and plastic limit are 25.7% and 18.4%, respectively. The debris flow deposits are mainly composed of fine sand and silt–clay particles (Table 1), and the fine sand accounts for 16.4%, silt 69.0% and clay 14.3%. This indicates that the material sources are mainly from Epipleistocene Malan loess on the gully bank. Therefore, debris flows in Zhangjiayuan watershed belongs to viscous-mud flow.
TABLE 1 | Results of the grain analysis performed on samples obtained from the Zhangjiayuan gully debris flow.
[image: Table 1]4.2 Material sources
The primary material sources of the debris flow are mainly from slope-surface erosion and loess mass movements. As the slope top is relatively flat, the amount of slope erosion is far less than Collapse-landslide mass. On basis of landslide detailed interpretation (Liu et al., 2022a and, Liu et al., 2022b) and field investigation, small collapses, landslides and overland flows mainly developed on the left and right banks of the middle and lower reaches (Figures 5C,D,E), especially within the 500 m channel downstream of the gully mouth. A group of landslides developed (Figure 1 and Table 2) on the right bank of the transportation area in the middle–lower reaches, which consisted of 7 landslides with volumes of 0.4–2.3 ×104 m3. Six small landslides occurred on the left bank, with volumes of 0.3–1.6×104 m3. These 13 landslides were all small-scale and were mainly composed of Pleistocene loess and locally sourced Neogene sands and mudstones. The bed underneath comprise of Pleistocene loess, and Neogene sandstone–mudstone slide beds are exposed near the gully mouth (Figure 5A).
TABLE 2 | Statistics of the geometric characteristic parameters of landslides on the Zhangjiayuan gully bank.
[image: Table 2]On 23 April 2021, a new landslide No.H-06 (Figure 5D) occurred on the left bank. It has a length 48 m, width 75 m, thicknesses 1–2 m and volume about 3000 m3. On the right bank, two new landslides occurred. The first one developed from the lower part of old landslide No.H-08 (Figure 5E), with length 85 m, width 65 m, thickness 1–2 m, and volume 5000 m3. The Landslide No. H-13 was 95 m in length, 58 m in width, 2 m in thickness and approximately 6000 m3 in volume. Based on in situ investigations (Table 2), the total and dynamic material storage were calculated, including sediments from landslide (V1) and slope erosion (V2). The total landslide recharge amount can be obtained from the accumulative volume of each landslide, i.e., 1.26 × 105 m3. On the basis of the watershed distribution area ([image: image]), landslide distribution area ([image: image]) and loose soil layer thickness (h), the slope supply can be determined by multiplying the product of the slope-type provenance distribution area ([image: image]) by the average thickness of the soil layer, i.e., 6.25 × 106 m3. Therefore, the total material storage can be: calculated as [image: image].
Referring to appendix I of the Chinese Geological and Mineral Industry standard (DZ/T 0220–2006 Debris flow disaster prevention engineering investigation code) and Appendix F.1 of the geological disaster hazard assessment “Procedure of Gansu Province local standard DB62/T-2009” (in Chinese), the rainfall-flood method was adopted herein to calculate the maximum debris flow outflow amount at a given time:
[image: image]
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where [image: image] is the maximum mass of a single debris flow outrush (m3); [image: image] is the debris flow discharge (m3/s); T is the debris flow duration (s), with a value of 900 s; [image: image] is the sediment coefficient; [image: image] is the gross blockage factor, with a value of 2.3; [image: image] is the debris flow bulk density (kN/m3), with a value of 18 kN/m3; and [image: image] is the solid particle weight (kN/m3), with a value of 26 kN/m3.
Based on the data of the Chinese National Meteorological Administration, the maximum daily precipitation in the Linxia from June 2011 to June 2021 was 55.7 mm (15 August 2016). According to the 10 years recurrence rain event, the maximum debris flow discharge in Zhangjiayuan gully was calculated to be 61.2 m3/s, and the maximum outflow of a debris flow could reach 1.53 × 104 m3. The above information reveals that the probability of daily precipitation greater than 50 mm is approximately once every 10 years for the rainy- and dry water-year periods in Dongxiang County. Thus, the one-time maximum outburst amount calculated using the 10-year probability occurrence can be considered the dynamic source reserve of Zhangjiayuan gully debris flows.
The field investigation and material interpretation show that the material sources of debris flow in Zhangjiyuan watershed are mainly from the landslides and collapses along gully bank, and the overland flow erosion on the hilly slope. As known to all, the occurrence of mass movements in Loess Plateau, China, closely relates to the annual rainy season precipitation and rainfall duration (Palladino et al., 2018; Ma et al., 2021; Zhou et al., 2022). The material supply from collapse–landslide–overland flow mass is more in rainy years and less in dry years, which leads to the great difference in the size of the provenance dynamic storage provided each year. Therefore, the material source of debris flow in the gully is abundant, but has the characteristics of intermittent supply.
4.3 Hazard simulation results of the analysed debris flow
Figure 6 and Table 4 show the simulation results of the debris flow movement process in Zhangjiayuan gully for precipitation conditions with different probabilities (p =10% and p =2%). Except for the hazard index, the classification of the other indexes was automatically generated by the calculation results.
[image: Figure 6]FIGURE 6 | Simulation results of debris flow movement characteristics and danger ranges based on FLO-2D under two precipitation conditions.
With reference to the research of Tang et al. (1994), Li et al. (2021), Hou et al. (2021), and the Swiss Disaster Degree Classification (Garcia et al., 2004), the hazard zoning of Zhangjiayuan gully debris flows was carried out on the basis of the velocity (Vc), mud depth (Hc), and other indexes. The area within the hazard range was divided into high-, medium-, and low-hazard zones (Table 3).
TABLE 3 | Standards of debris flow hazard zoning.
[image: Table 3]According to Figures 6A–D and Table 4, the maximum flow velocity of a debris flow could reach 5.8 m/s in the case of heavy rainfall over 10 years. The zone with flow velocities greater than 3.5 m/s was distributed in the middle of the accumulation body, covering an area of 3750 m2, and the zone with flow velocities less than 1 m/s covered an area of 45,975 m2. The maximum mud depth of the debris flow was 4.8 m, and the area with mud depths greater than 2.5 m was located at the bottom of the circulation area with an area of 800 m2. The maximum impact force of the debris flow was 44.8 kN/m2, and an impact force greater than 20 kN/m2 acted on the bottom of the circulation area; the area with impact forces greater than 10 kN/m2 was only 1675 m2. The high-hazard debris flow area was located from the starting site of the debris flows to the inside channel of the Liujiaxia Reservoir bank, covering an area of 10825 m2. The middle hazard area was located in the middle of the inlet of the Liujiaxia Reservoir and the gully mouth to the northern Zheda highway. The low-hazard area was located outside the accumulation body of the north Zheda highway.
TABLE 4 | Simulation and hazard classification results of debris flows in Zhangjiayuan gully under two precipitation conditions.
[image: Table 4]In the case of a 50-year heavy rainfall event (Figures 6E–H and Table 4), the maximum flow velocity of the debris flow was still 5.8 m/s, and the area of flow velocities greater than 3.5 m/s was 4050 m2. The maximum mud depth of the debris flow was 4.9 m, and the area with mud depths greater than 2.5 m was 1000 m2. The maximum impact force of the debris flow was 50.6 kN/m2, and the area with impact forces greater than 10.0 kN/m2 was only 2050 m2. The high-hazard area of the debris flow was distributed inside the channel from the starting site of the debris flow to the entrance of the Liujiaxia Reservoir, with a distribution area of 12,175 m2, while the medium–low hazard area was basically the same as that obtained under the once-in-a-decade condition.
The simulation results show that debris flows erupt in Zhangjiayuan gully when it encounters heavy rainfall once every 10 years or extreme rainfall once every 50 years. Controlled by the gully morphology and debris flow properties in the circulation area, the debris flows in Zhangjiayuan gully reach their maximum velocity in the middle of the accumulation area, and the strongest impact force of the debris flows is applied to the area from the downstream region of the circulation area to the lower part of the gully mouth. When a debris flow rushes out of the gully, the debris flow begins to accumulate. In the case of a 10-year rainfall event, the mud silting height of the road and tunnel mouth is 1.27 m, the silting width of the east tunnel is 49 m, and that of the west tunnel is 21 m. In the case of a 50-year rainfall event, the maximum silting depth in the tunnel is 1.41 m, the silting width of the east tunnel is 53 m, and that of the west tunnel is 25 m. Under these two precipitation conditions, the tunnels are in the medium–high hazard zone of debris flows, and the silting hazard in the east tunnel is much higher than that in the west. If heavy rainfall occurs once in one hundred years, a large-scale debris flow would occur in the small watershed of Zhangjiayuan gully and may silt and scour the road and tunnel or even destroy the road or tunnel opening.
Based on the above results, three types of hazard-affected objects can be identified: tunnel; pavement and subgrade; and culverts (Figure 5F). Therefore, the susceptibility of the debris flow should be discussed. The susceptibility (C) indicates the resistance degree of the hazard-affected object against debris flow damage. Values for this variable ranges between 0 and 1, where larger susceptibility values indicate a more vulnerable hazard-affected object (Cui and Zou, 2016). According to the studies of Cui et al. (2016) and Li et al. (2021), the C value is mainly affected by two factors: structure susceptibility (C1) and siltation susceptibility (C2). Because the Zhangjiayuan debris flow is mud, the C1 value is too small to be ignored. C2 is calculated by:
[image: image]
where Hc is the mud depth and h is the clearance of the culvert or tunnel. If [image: image], [image: image] equals 1 because the culvert is completely silted. Similarly, the [image: image] value for the buried tunnel and pavement and subgrade is set to 1. However, vehicles and pedestrians are not considered.
The geometric information of the culvert or tunnel was obtained during field investigation. The length × width × height dimensions of the culvert are 10 × 3 × 3 m, and the tunnel section is a semicircular arch with a size of 9 × 10 m.
The hazard zoning results of the Zhangjiayuan debris flow show that for 10-year and 50-year rainfall events, the mud depths of the road and tunnel under the gully mouth are 1.27 m and 1.41 m, respectively, and both the highway and tunnel are in the high hazard zone (Figures 6D,H). However, due to the large bulk density of the debris flow and the slow discharge of the culvert, the tunnel and culvert were buried on 24 April 2021, and the mud depths of the west opening of Tunnel 408 and the east opening of Tunnel 409 were 3.5 m and 3.3 m, respectively. In terms of Eq. 4, [image: image] is equal to 1, which indicates that the siltation susceptibility of the culvert, tunnel or pavement and subgrade is high.
5 DISCUSSION
5.1 Differences in debris flows between the Linxia Basin and the eastern Tibetan Plateau
Differentiating from the viscous debris flows in the eastern Tibetan Plateau, the debris flows in the Linxia Basin are mostly viscous mud flows, as the source materials are derived from the Quaternary loess. Due to the dry climate and uneven rainfall, debris flows generally occur at low frequencies and they are currently in a declining period. The solid sources of debris flows are abundant, and mainly provided by gully bottom erosion and lateral erosion. Most debris flows occur at medium-to high-frequencies and have medium–large magnitudes. Debris flows in the area are triggered by heavy rainfall (Liu et al., 2011; Tie et al., 2013; Chang et al., 2019b) or by both strong earthquakes and heavy rainfall (Cui et al., 2010; Tang et al., 2011b; Ni et al., 2011; Xu et al., 2017). The rainfall thresholds that induce debris flows are generally 25 mm/h∼60 mm/h. In the eastern part of the Qinghai–Tibet Plateau, the types of debris flows are mainly gullies or valleys, with bulk densities of 1.3–2.3 kN/m3. Due to large precipitation in the area and the uneven distribution of rainfall in various watersheds, heavy or extreme rainfall frequently occurs, and debris flows mainly occur at medium-to high-frequency, similar to the currently in flourishing or developing period. Multiple disaster modes, including ravine rainstorm debris flows, collapse–landslide–debris flow disaster chains, and even high-position collapse landslide debris flows have been observed.
5.2 Genetic mechanism of the analysed debris flow
The debris flows in Zhangjiayuan gully mainly form and develop as follows.
Thirteen landslides were identified on the middle and lower banks of the circulation area (Figure 1; Table 2), with channel blockage and poor drainage conditions. These landslides are mainly loess landslides, but some of the landslides on the left bank of the gully cut into the moderately to intensely weathered Neogene sandstone–mudstone zone (Figure 4A). The landslides of the right bank mainly slip along the unloading fissure plane and are mostly shallow landslides. Most of these landslides occurred before 2021. The H-01, H-07 and H-08 landslides, which developed on both banks of the gully mouth, rushed into the gully. Small portions of these landslide masses eroded away by subsequent water flows, but most of the residual parts still accumulated in the gully, resulting in water crossing the section of the gully (Figure 4A) in the narrow outlet of the debris flow; the gully discharge was not smooth.
Due to continuous long-term rainfall, the water content of rock‒soil in the basin increases, and the bank surface can be eroded to form overland flows. Alternatively, the reduction in slope stability may lead to the occurrence of landslides and collapses (Yang et al., 2022), such as the new H-06 landslide on the left bank, the revival of the H-08 and H-12 landslides on the right bank, and the landslide body blocking the gully to form a barrier dam after sliding into the gully (Wang et al., 2022). When this region subsequently encountered heavy rainfall, the water gathered and formed a barrier lake.
After rainwater converges, the deposits and landslide rock‒soil mass accumulated in the channel soften and undergo argillization, resulting in dam bursting and the formation of a debris flow induced by short-term heavy rainfall. From the end of March to the end of April 2021, four heavy rainfall events (Figure 5) occurred in the region of Dongxiang, Yongjing and Linxia Counties, including two daily rainfall events exceeding 10 mm. This heavy rainfall led to the rapid increase in the water content and weight of the accumulated rock‒soil mass. When the water content of the deposit exceeded the liquid limit, the soil mass was in the critical plastic flow state, implying that the slurry-making process had been completed. Another rainstorm occurred on the evening of April 23. The water promptly gathered in front of the dam, the water level surged, and the hydrostatic pressure and earth pressure increased (Wu et al., 2013). As the rainwater flowed downstream, the dynamic water pressure also increased. Under the action of the high-water level in the upstream dam, as well as the permeation pressure and fluid self-gravity associated with the debris flow, the shear fractures in the front edge of the landslide accumulation zone were internally eroded, extended and finally connected, and fissure fillings were quickly washed away to form a water inrush channel. When the vertical penetration was more than the effective weight of the soil mass of the dam, parts of the barrier dam experienced soil flow deformation, resulting in the bursting of the dam and the initiation of a debris flow (Zhou et al., 2022). It is worth pointing out that the long-term rainfall ensured sufficient time for rainwater to infiltrate into the rock‒soil mass; this was the premise for softening and argillation of the channel accumulation and collapse-landslide bodies. However, the top of the gully is a plateau tableland, the amount of surface runoff converging into the channel is relatively small, and the fluid of the debris flow was not washed away promptly in the gestation process.
The bulk densities of the debris flows in Zhangjiayuan gully are high. After a debris flow starts, the fluid scours and erodes the channel and slope foot, resulting in the collapse of the bank foot and the lower part of old landslides, thereby increasing the severity and viscosity of the debris flow and enhancing the destructive power of fluid shear.
The circulation area downstream of Zhangjiayuan gully has been blocked by the loose solid materials of landslide bodies for a long time, and the discharge mouth is narrow, thus constituting a bottleneck of debris flow movement. A scarp of falling water is present between the outlet and the road surface below, with a height difference of 14.0 m. The initiation process of a debris flow is similar to the karst water and mud inrush phenomenon that occurs during tunnel excavation (Li et al., 2017), consisting of three parts: the disaster source, debris flow channel and barrier dam. The disaster source is the channel accumulation of the upper dam, the collapse and sliding accumulation body, and the converging water body. The debris flow channels are equivalent to the karst water inrush channels, that is, the migration path of the debris flows. The barrier dam is the eventual barrier that blocks water before the debris flow starts. When the analysed debris flow rushed out of the gully to the Zheda highway, the fluid could not be discharged in a timely manner to the Liujiaxia Reservoir due to the small cross-section (bottleneck) of the culvert under the highway, and the debris flow instead rushed into the tunnels on both sides of the highway until the road was silted and blocked.
6 CONCLUSION
The goal of this study was to analyse hazards and genetic mechanisms of a debris flow in a small watershed, which was induced by rainfall in the transition zone between the Qinghai-Tibet Plateau and the Loess Plateau. The study area is of loess ridge landform, with vertical and horizontal gullies. The bank slope of the gully is prone to collapse and landslide, and the debris flow sources are abundant. When encountering heavy rainfall or continuous rainfall for a long time, debris flows are prone to outburst in this type of small watershed. As the material sources were mainly loess and the underlying Neogene mudstone weathering material, which were intermittently supplied by previous collapses and landslides on the bank; thus, this kind of debris flow had the characteristics of a the medium-small scale, a medium-low activity frequency, and a viscous mud flow.
The four heavy rainfall events from the end of March to the end of April 2021, and the rainstorm from April 23 to the early morning of April 24 led to the outbreak of the debris flow in Zhangjiayuan gully. This event occurred because the bank slope collapse-landslide-overland flow sequence was induced by long-term rainfall and multiple heavy rainfall processes. The disaster bodies blocked the channel and formed a barrier dam. The water flow converged in front of the dam. The infiltration of water caused the channel deposits to soften and muddy, and led to the seepage deformation of the dam body prior to the debris flow outburst. The disaster formation mode was the rainfall-type landslide-blockage-debris flow disaster chain mechanism.
Under the condition of heavy rainfall once every 10 years or once every 50 years, debris flows will occur in Zhangjiayuan gully. After a debris flow starts, the maximum flow velocity is reached in the middle of the accumulation area, and the strongest impact forces are applied to the area from the downstream region of the circulation area to the lower part of the gully mouth. The Zhida highway and tunnel under the mouth of the gully are in the medium–high hazard zone of debris flow. If a debris flow rushing out of the gully mouth cannot be discharged in time, it will begin to accumulate and bury the highway and tunnel. Although the scale of the debris flow in this small watershed is not large, the debris flows in this region have strong concealment and sudden outbreak characteristics, which may cause a substantial catastrophe. Attention should be given to preventing such ‘small disaster, big catastrophe’ events to ensure the safe operation of highways and tunnels in a timely manner.
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Soil-rock mixtures are geological materials with complex physical and mechanical properties. Therefore, the stability prediction of soil-rock mixture slopes using machine learning methods is an important topic in the field of geological engineering. This study uses the soil-rock mixture slopes investigated in detail as the dataset. An intelligent optimization algorithm-weighted mean of vectors algorithm (INFO) is coupled with a machine learning algorithm. One of the new ensemble learning models, which named IN-Voting, is coupled with INFO and voting model. Twelve single machine learning models and sixteen novel IN-Voting ensemble learning models are built to predict the stability of soil-rock mixture slopes. Then, the prediction accuracies of the above models are compared and evaluated using three evaluation metrics: coefficient of determination (R2), mean square error (MSE), and mean absolute error (MAE). Finally, an IN-Voting ensemble learning model based on five weak learners is used as the final model for predicting the stability of soil-rock mixture slopes. This model is also used to analyze the importance of the input parameters. The results show that: 1) Among 12 single machine learning models for the stability prediction of soil-rock mixture slopes, MLP (Multilayer Perceptron) has the highest prediction accuracy. 2) The IN-Voting model has higher prediction accuracy than single machine learning models, with an accuracy of up to 0.9846) The structural factors affecting the stability of soil-rock mixture slopes in decreasing order are the rock content, bedrock inclination, slope height, and slope angle.
Keywords: soil-rock mixture slope, machine learning, ensemble learning model, stability prediction, feature importance
1 INTRODUCTION
Soil-rock mixture slopes are mainly discontinuous, loose soil-rock mixture deposits composed of massive rocks and fine-grained soils with varying physical and mechanical properties (Xu and Zhang, 2021; Zhao et al., 2021). These slopes are widely distributed in areas such as the mountainous regions of southwest China, the Three Gorges Reservoir Region, and the Qinling Mountains (Cen et al., 2017; Gao et al., 2018). The soil-rock mixture slope has significant characteristics of non-uniformity and dual structure, and its stability can be affected by the rock content and grain size gradation (Dong et al., 2020; Xu and Zhang, 2021). Therefore, its stability evaluation is complicated, and slope instability can cause large economic and life losses (Liu et al., 2022; Wang et al., 2022). In July 2011, a landslide of soil-rock mixture occurred in Lueyang County, Hanzhong City, southern Shaanxi Province, resulting in the death of 18 people (Liu et al., 2019). In July 2020, the instability of a soil-rock mixture slope in Wulong District, Chongqing, caused substantial economic losses (Zhou et al., 2021).
Scholars have conducted numerous studies on the stability evaluation of soil-rock mixture slopes. Xu et al. (2016) studied the properties of soil-rock mixtures by numerical simulation with discrete elements. Gao et al. (2018) used the strength parameters of the soil-rock mixture obtained from the direct shear test for evaluation. The damage characteristics of slopes and their stability were simulated using the finite element method (Yue et al., 2003; Chen et al., 2021). Zhao et al. (2021) obtained the stability coefficients of soil-rock mixture slopes using FLAC 3D and strength reduction methods, revealing the influence of rock content on the stability coefficients and damage modes. Peng et al. (2022) coupled discontinuous deformation analysis and smooth particle hydrodynamics to investigate the mechanical properties of soil-rock mixture slopes. Qiu et al. (2022) using the physical deterministic model—Scoops3D model to analyze landslide stability. Zhao et al. (2022) investigated the mechanism of large deformation damage of slopes using the material point method for soil-rock mixture slopes.
With the development of computer technology, many scholars have used machine learning methods for slope stability prediction. For example, some scholars used several single machine learning algorithms or ensemble learning algorithms to predict the stability of slopes. The best prediction model for such slopes could be obtained by comparing the prediction accuracy of each model. Ray et al. (2020) showed that an improved machine learning prediction model based on artificial neural networks was effective for the stability prediction of residual soil slopes. Lin et al. (2021) concluded that non-linear regression models outperformed linear models in predicting slope stability. Ramos-Bernal et al. (2021) revealed that the Adaboost classifier was more suitable for slope prediction modeling. By comparing a single machine learning model with an ensemble learning model, Pham et al. (2021) found that the slope stability prediction model based on the ensemble algorithm was more accurate. Cheng et al. (2022) and Shahzad et al. (2022) found that slope analysis models developed with support vector machines had the highest robustness. Feng et al. (2022) found that support vector machine models and random forest models had more reliable prediction results. Other scholars have further improved the accuracy of slope stability prediction by coupling an intelligent optimization algorithm with a single machine learning algorithm to build a prediction model. Xue (2016) showed that determining the optimal parameters of a least square support vector machine model based on an improved particle swarm algorithm could significantly improve the accuracy of slope stability prediction models. Qi and Tang, 2018 showed that using the firefly optimization algorithm to separately determine the hyperparameters of six machine learning algorithms was effective in improving the model prediction accuracy.
However, due to the complexity of soil-rock mixture slopes, the use of machine learning methods to predict their stability was rarely reported. Therefore, a novel ensemble learning model is proposed in this study to predict the stability of soil-rock mixture slopes, providing new ideas and references for related studies and engineering applications. First, a weighted mean of vectors algorithm (INFO) is used to determine the hyperparameter combinations of 12 single machine learning models. The weight distribution in the novel IN-Voting ensemble learning model is also investigated. In this way, a more accurate slope stability prediction model for soil-rock mixtures is established. Then, the data of mixed soil and rock slopes in Wanzhou District (Chongqing, China) are used for case analysis. Importance analysis of four input parameters (i.e., slope angle, bedrock inclination, slope height, and rock content) is performed using the Permutation Importance method based on the IN-Voting model. The influence degree of these parameters on the stability of the soil-rock mixture slope is obtained.
2 BASIC PRINCIPLES OF THE ALGORITHM
2.1 Intelligent optimization algorithm—INFO
INFO is a new intelligent optimization algorithm proposed by Ahmadianfar et al. (Ahmadianfar et al., 2022), which has the advantages of strong searching ability, fast speed, and less overfitting. The core idea of INFO lies in three stages.
2.1.1 Updating rule stage

[image: image]
where [image: image] and [image: image] are the new position vectors for the [image: image]-th iteration; [image: image] is the vector scaling; MeanRule is the formula based on the mean rule; [image: image] and [image: image] are the best and better solutions among all vectors in the population; [image: image] is a different integer randomly selected from [1, NP], [image: image] denotes the number of variable species; randn is a standard normally distributed random value.
2.1.2 Vector combining stage
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where [image: image] is the new vector obtained by merging the vectors in the [image: image]-th generation; [image: image].
2.1.3 Local search equation
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where:
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where [image: image] denotes a random number of (0,1); [image: image] is a random solution obtained from [image: image], [image: image], and [image: image]; [image: image] and [image: image] are two random numbers. If rand < 5, a new vector can be generated around [image: image] with random values in [0,1].
This study mainly uses the INFO algorithm to determine hyperparameter combinations in single machine learning models and weight values among weak learners in Voting ensemble learning models.
For the practical application, the main flow of the algorithm (Figure 1) is as follows.
1) The maximum iteration number is 100, and the group number is 30. For a single machine learning model, the group dimension is the number of hyperparameters to be adjusted by the machine learning model. For the Voting ensemble learning model, the group dimension is the number of weight values to be adjusted.
2) A random group matching the upper and lower boundary vectors is initialized.
3) The coefficient of determination R2 (Eq. (6)) is used as the fitness function of this algorithm.
4) The new vectors generated in the vector update phase are used to start the vector merge phase.
5) In the local search phase, whether the vector generated in the fourth step exceeds the upper and lower boundary of the group can be determined. By comparing the fitness function values of the old and new vectors, whether to perform the vector update and the change of the best fitness value are determined.
6) Steps 3–5 are repeated until the iteration termination condition is reached, then the results are exported.
[image: Figure 1]FIGURE 1 | Flow chart of the INFO algorithm.
2.2 Machine learning models
2.2.1 Adaptive boosting (ADBT) model
ADBT is an ensemble learning model that constructs strong learners by linear combinations of weak learners (Freund and Schapire, 1995). By using the performance in each training iteration to weight the attention created for subsequent training, ADBT assigns larger weights to data that are more difficult to predict and smaller weights to those less difficult to predict, thus improving the overall prediction accuracy of the model (Bui et al., 2019; Lee et al., 2022). In this study, the default learner of ADBT is used, and the three hyperparameters to be determined are the maximum iteration number (n_estimators), the learning rate (learning_rate), and the random seed (random_state).
2.2.2 Bayesian linear regression (BYS) model
Based on Bayesian conditional probability, BYS treats the parameters of the linear model as random variables and computes the posterior through the prior of the model parameters, thus completing the model construction and prediction (Gelman, 2015). The six hyperparameters to be determined in this study are the maximum iteration number (n_iter), the tolerance value (tol), the shape parameter of the Gamma distribution before the alpha parameter (alpha_1), the inverse scale parameter of the Gamma distribution before the alpha parameter (alpha_2), the shape parameter of the Gamma distribution before the lambda parameter (lambda_1), and the inverse scale parameter of the Gamma distribution before the lambda parameter (lambda_2).
2.2.3 ElasticNet regression (ELN) model
ELN combines the regularization methods of Lasso regression and Ridge regression. The L1 regularization and L2 regularization calculations are incorporated into the standard linear regression model conditions to form a new cost function (Zou and Hastie, 2005). The five hyperparameters to be determined for this model are the constant of the penalty term (Alpha), the mixing parameter (l1_ratio), the maximum iteration number (max_iter), the tolerance value (tol), and the random seed (random_state).
2.2.4 Extra-trees (ETR) model
ETR is a machine-learning model for bagging proposed by Geurts et al. (2006). Because the division points in ETR are random, the prediction results of this model require the combined action of multiple decision trees to achieve the best prediction (Ghatkar et al., 2019). The five hyperparameters to be determined are the number of decision trees (n_estimators), the maximum iteration number (max_depth), the random seed (random_state), the minimum number of samples required to split the internal nodes (min_samples_split), and the minimum number of samples required for each node (min_samples_leaf).
2.2.5 Gradient boosting decision tree (GBDT) model
The GBDT model proposed by Friedman (Friedman, 2002) is an ensemble model based on multiple weak learners to obtain strong learning capabilities. In the regression problem, the negative gradient of the loss function is used to approximate the value of the current model as the residual of the boosted tree model, thus obtaining the best prediction results. GBDT has received much attention from scholars since its introduction (Wu and Lin, 2022). In this study, the five parameters to be determined are learning rate (learning_rate), maximum iteration of the weak learner (n_estimators), maximum depth of the decision tree (max_depth), subsample (subsample), and random seed (random_state).
2.2.6 Huber regression (HBR) model
In the HBR model, the loss function in the theoretical approach of linear regression is replaced with Huber loss (Sun et al., 2020). The four hyperparameters to be determined in this study are the number of outliers (Epsilon), the maximum iteration number (max_iter), the regularization parameter (alpha), and the tolerance value (tol).
2.2.7 K-nearest neighbor (KNN) model
The KNN model proposed by Cover and Hart, 1967 is theoretically mature, easy to understand, and highly accurate, which can be used to address classification and regression problems (Sevi and AuthorAnonymous, 2020). Since the selection of the K determines the accuracy of the model prediction (Deng, 2020), three hyperparameters need to be determined to improve the model prediction accuracy: k-value (n_neighbors), the threshold for the number of leaf nodes (leaf_size), and distance metric p).
2.2.8 Lasso (LAS) model
The LAS model is based on a standard linear regression model and L1 regularization (Leeuw, 2009). Compared to linear regression models, LAS models can handle high-dimensional data more quickly and efficiently. Therefore, many scholars considered using LAS models to build prediction models (Wagenaar et al., 2017). In this study, the three hyperparameters to be determined are the constant of the penalty term (Alpha), the maximum iteration number (max_iter), and the tolerance value (tol).
2.2.9 Multilayer Perceptron (MLP) model
The MLP model is constructed through full connectivity between input, hidden, and output layers. The main idea of the input layer is to accept multiple variables from the model and pass them into the hidden layer, where the number of neurons is the same as the type of input variables. The main idea of the hidden layer is to extend the data to a higher dimension, which improves the prediction accuracy of the model by increasing the complexity of the input variables. The main idea of the output layer is to output the final prediction of the model by accepting the last layer of the hidden layer (Almansi et al., 2022).
The seven hyperparameters to be determined in this study are: the regularization term parameter (Alpha), the initial learning rate (learning_rate_init), the index of the inverse scaling learning rate (power_t), the maximum iteration number (max_iter), the momentum of the gradient descent update (momentum), the proportion of the training data to be left as a validation set for early stops (validation_fraction), and the random number seed (random_state).
2.2.10 Random forest (RF) model
The RF model is composed of several unrelated regression trees, and the final output is jointly determined by each regression tree (Zhang et al., 2019). The model was proposed and developed by Ho et al. (Ho, 1998) and Breiman (2001). The five hyperparameters to be determined in this study are the number of decision trees (n_estimators), the minimum number of samples in each division (min_samples_split), the minimum number of samples in the leaf nodes: (min_samples_leaf), the random number seed (random_state), and the minimum weight required by the leaf nodes (min_weight_fraction _leaf).
2.2.11 Support vector machine (SVM) model
Cortes and Vapnik, 1995 proposed that support vector regression (SVR) in SVM models can be used for regression analysis (Kombo et al., 2020). The use of kernel tricks in SVM makes the model a good solution for analyzing non-linear data (Feng et al., 2022). The four hyperparameters to be determined in this study are the number of kernel functions (Degree), kernel coefficients (epsilon), kernel cache size (cache_size), and the maximum iteration number (max_iter).
2.2.12 Stochastic gradient descent (SGD) model
The SGD model is generated based on the gradient descent model (Bui et al., 2019). During the model operation, the dataset is randomly disrupted. Since a sample is randomly selected from the dataset at each iteration, the path used by the model to reach the minimum is usually noisier than that of a typical gradient descent model, but the training time can be significantly reduced. The five hyperparameters to be determined are the constant of the penalty term (Alpha), the elastic net mixing parameter (l1_ratio), the maximum iteration number (max_iter), the initial learning rate (eta0), the inverse scaling learning rate index (power_t), and the random number seed (random_state).
2.2.13 IN-voting model
Voting models are classified into two types: classification and regression. For common regression models, the prediction results of multiple weak learners are reprocessed through arithmetic mean fusion or geometric mean fusion, thus improving the prediction accuracy of the model.
In this study, a new ensemble learning model - IN-Voting is developed based on the regression model of traditional Voting. As shown in Figure 2, the flow of the IN-Voting model is as follows: Firstly, the data is pre-processed for soil-rock mixed slopes. The number of weak learners selected in the model is finally determined to be five based on the complexity of the IN-Voting ensemble learning model and the accuracy rate. Then, the INFO intelligent optimization algorithm improves the prediction accuracy of the model by assigning different weight values to the weak learner. Finally, the combined module in the new ensemble learning model of IN-Voting is used to complete the final building of the model and output the model prediction results.
[image: Figure 2]FIGURE 2 | IN-Voting network structure (W in the figure indicates the weight value).
2.3 Building process of the prediction model
The building process of the stability prediction model for soil-rock mixture slopes is shown in Figure 3, which is explained in detail below.
(1) The input parameters of the soil-rock mixture slopes (i.e., rock content, bedrock inclination, slope angle, and slope height) are standardized and normalized.
(2) To prevent overfitting of the model, 80% of the total data is classified into a training set for the initial establishment model, and 20% is classified into a test set for further validation.
(3) If the stability prediction model is based on a single machine learning model, the hyperparameters of each machine learning model are first determined using the INFO algorithm. In the case of the IN-Voting model, the INFO algorithm is required to determine the weight values of the weak learners.
(4) The training data are fed into the initial machine learning model, and the test set data are used to finalize the stability prediction model for soil-rock mixture slopes.
[image: Figure 3]FIGURE 3 | Stability prediction model for soil-rock mixture slopes.
2.4 Evaluation indicators
For evaluating the prediction performance of the proposed model, the following three indicators are used: The coefficient of determination (R2) that uses the mean value as the error base; the mean squared error (MSE) that reflects the difference degree between the estimated volume and the estimated volume; the mean absolute error (MAE) representing the absolute value of the deviation of all individual observations from the arithmetic mean. As the most important evaluation indicators in this study, the R2 closer to one and smaller MSE and MAE values indicate higher prediction accuracy. The equations of the three indicators are as follows:
[image: image]
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where [image: image] denotes the true value of the ith sample; [image: image] is the predicted value of the ith sample; [image: image] denotes the mean value of [image: image].
3 SAMPLE ANALYSIS
The sample data were obtained from Wanzhou District (Chongqing, China), located in the Yangtze River valley zone of the northeast ridge and valley province of Chuandong. The terrain is high in the east and low in the west, with sufficient rainfall and strata containing rocky sand (Chen et al., 2021). A large number of slopes with mixed soil and rock are developed in this area, with frequent geological hazards. In this study, 49 soil-rock mixture slopes investigated in the previous study are used as the sample for analysis (Cheng, 2009), as shown in the blue-triangle points in Figure 4.
[image: Figure 4]FIGURE 4 | Locations of data points in Wanzhou District.
Soil-rock mixture slopes are distinguished from soil slopes and rock slopes. Its slope material is complex and has significant inhomogeneity. As a result, there are many factors affecting the stability of soil-rock mixture slopes, and it is difficult to obtain the parameters of such slopes. In slope stability analysis, the stability coefficient is correlated to the slip resistance and sliding force of the slope body. Therefore, the input parameters in this study are typical structural factors of soil-rock mixture slopes, including rock content, surface inclination, slope angle, and slope height.
In soil-rock mixtures, the rock content is a key parameter in determining the physical-mechanical properties and directly affects the weight, cohesion, and internal friction angle (Kalender et al., 2014). The rock contact, the rock content greatly contribute to the stability coefficient of soil-rock nixture slopes (Wang et al., 2022a; Wang et al., 2022b; Wang et al., 2022c). If there are multicollinearities among the input parameters in machine learning, the accuracy of the prediction model can be affected (Hitouri et al., 2022; Selamat et al., 2022; Xia et al., 2022). Therefore, this study uses rock content as an input parameter instead of weight, cohesion, and internal friction angle. The bedrock surface is the interface separating the soil and rock mixture from the underlying bedrock. Since the base overburden provides the soil-rock mixture slope with a typical binary structure, it is an important factor affecting the overall stability of the soil-rock mixture slopes. Slope angle and slope height are important geometric features significantly affecting the stability of slopes. With the increase of slope height and angle, the slope stability gradually decreases.
As shown in Figure 5, the slope angle ranges from 9°–15°, the base cover dip angle is 5°–13°, the slope height is in the range of 40 m–100 m, and the rock content ranges from 22%–60%. These data characteristics are consistent with the histogram (Figure 5) and the Gaussian curve.
[image: Figure 5]FIGURE 5 | Analysis of input parameters (A) slope angle; (B) bedrock inclination; (C) slope height; (D) rock content.
In Figure 6, the single-peak curve distribution characterized by four input parameters and one output parameter reduces the difficulty of data analysis and improves the prediction accuracy of the model. The ten subplots at the lower triangle show the scatter distribution among the parameters. It can be seen that there is no multicollinearity among the four input parameters, which is consistent with the above analysis. The Pearson’s r values in ten subplots of the four input parameters have different correlations with the stability coefficients, Meanwhile slope angle, and slope height show a significant negative correlation with the stability coefficient. The rock content is positively correlated with the stability coefficient, with larger rock content indicating a greater stability coefficient.
[image: Figure 6]FIGURE 6 | Correlation and statistical distribution of parameters related to soil-rock mixture slopes.
4 RESULTS
4.1 Single machine learning models
In this study, the prediction performance of 12 single machine learning models based on the INFO intelligent optimization algorithm is analyzed with R2 as the main indicator and MSE and MAE as supplementary indicators, as shown in Figure 7. In Figure 7A, all models have R2 values greater than 0.6. Twelve machine learning models can be divided into three sections: BYS, LAS, ELN, and HBR have R2 values between 0.6 and 0.7, with the lowest prediction accuracy among the 12 machine learning models; The R2 values of ADBT, KNN, SGD, and SVM models are in the range of 0.7–0.9, with the highest value of 0.8746 for the KNN model; The R2 values of ETR, GBDT, MLP, and RFR models are greater than 0.90, with MLP having the highest R2 value of 0.9681. As shown in Figure 7B, only ETR, GBDT, MLP, and RFR have MSE values less than 0.05, where ETR has the lowest MSE value of 0.043, followed by MLP. In Figure 7C, ETR, GBDT, MLP, and RFR have MAE values less than 0.005, with MLP having the lowest MAE of 0.0027.
[image: Figure 7]FIGURE 7 | Values Model evaluation indicators under INFO algorithm optimization (A) R2; (B) MSE; (C) MAE.
According to the model evaluation criteria in this paper, the R2 and MSE evaluation index values of MLP model are the best, which shows that compared with other models, the model has a very strong adaptive and self-learning function, so it has a higher prediction performance for a small number of samples.
4.2 Novel ensemble learning model—IN-voting
In this paper, five of the twelve single machine learning models are randomly selected to be rearranged as weak learners in IN-Voting. With the accuracy of model optimization and the optimization time of the IN-Voting model as the criteria, 16 results in Table 1 are obtained. In addition, the maximum R2 among five weak learner combinations is used as the theoretical minimum value of the IN-Voting model, denoted as R2_stand. The INFO algorithm is then used to determine the weight values matched by the five weak learners in the IN-Voting model to maximize the prediction accuracy of 16 IN-Voting models and further improve the robustness and credibility of the ensemble model.
TABLE 1 | Model combinations and their maximum R2 values.
[image: Table 1]The evaluation indicators for the 16 ensemble IN-Voting learning models are shown in Figure 8. The left and right vertical coordinates in Figure 8A are the values of R2 and R2_stand predicted by 16 ensemble IN-Voting learning models. Figures 8B,C show the values of MSE and MAE of the sixteen ensemble IN-Voting learning models. In Figure 8D, the left vertical coordinate indicates the degree of accuracy improvement (Difference value) for the sixteen IN-Voting models based on the five weak learners, and the right vertical coordinate is the optimization time taken by the INFO algorithm for each IN-Voting model. The Difference value is the difference between the R2 and R2_stand of the sixteen ensemble IN-Voting learning models. By comparing Figure 8A with Figure 8D, the advantage of the IN-Voting model can be more significantly represented using the Difference value.
[image: Figure 8]FIGURE 8 | Indicators for the 16 IN-Voting models (A) R2 and the distribution of maximum R2 in each combination; (B) The distribution of MSE; (C) The distribution of MAE; (D) Difference values and optimization time.
As can be seen in Figure 8A, the R2 of all 16 groups of IN-Voting models is higher than the R2_stand value, indicating the high feasibility and robustness of the IN-Voting ensemble learning model. Especially in the M10—M16 groups, the MLP models with the highest prediction performance were included, and the R2 index values were higher than 0.9681, with the highest R2 of 0.9846 for the M16 group. In Figures 8B,C, the MSE and MAE values of the M2 group model are the highest, which are 0.0825 and 0.0099, respectively. The MSE values of the seven prediction models from M10 ∼ M16 are all less than 04, with the M14 group having the lowest MSE value of 0.308. The MAE accuracy index values of these seven groups are less than or equal to 0.002, with M16 having the lowest value of 0.0013. In Figure 8D, the prediction accuracy of 16 ensemble IN-Voting learning models is improved to different degrees. M1 and M3 have the greatest improvement with Difference values of 0.0884 and 0.0712, respectively. In M10 ∼ M16 with 0.9681 as the theoretical minimum of the IN-Voting model, the Difference values are all in the range of 0.01–0.016, with M16 improving the most with the Difference value of 0.0155. Among 16 IN-Voting models, M1, M2, M3, M8, and M9 have the shortest optimization time, and M6, M7, M15, and M16 have the longest optimization time. Therefore, the INFO algorithm is efficient in improving the prediction accuracy of the IN-Voting model.
Among the five evaluation indicators, R2 and model optimization capability are the main indicators, and MSE, MAE, and optimization time are the supplementary indicators. It can be seen from Figure 8 that from M10 ∼ M16, the model optimization times of M10 ∼ M14 are relatively less, while these models have fewer overall improvements than the M16 group. Although the optimization time of M16 is relatively long, its R2 and optimization performance are the highest among all prediction models.
The five indicators in Figure 8 are known, the ensemble IN-Voting learning model consisting of SGD, SVM, MLP, RFR, and GBDT is finally selected as the stability prediction model for soil-rock mixture slopes.
4.3 Importance ranking of input parameters for the stability prediction
Due to the complex mechanical properties and material properties of soil-rock mixtures, it is necessary to rank the structural factors (rock content, bedrock inclination, slope angle, and slope height) that affect the stability of soil-rock mixture slopes. Based on the ensemble IN-Voting learning model for the M16 group, this study uses the Permutation Importance method to obtain feature importance rankings.
The main idea of the Permutation Importance method is to randomly rearrange a column of the dataset in the trained model for prediction. The loss function is calculated using the predicted value and the true target value, and the difference due to random sequencing is obtained. In this way, the influence of each feature on the stability prediction is ranked, and the final importance ranking of the features is obtained. The calculation can be expressed as follows:
[image: image]
where [image: image] denotes the importance score of randomly rearranged feature [image: image]; [image: image] denotes the performance score of the model in the dataset; [image: image] represents each iteration in [image: image] experiments.
Figure 9 shows the importance of four input parameters in descending order: rock content, bedrock inclination, slope height, and slope angle, which ordinate shows their specific values. Rock content is a structural factor of soil-rock mixture slopes, and its influence on slope stability widely varies (Yang et al., 2020). Therefore, for the engineering evaluation of soil-rock mixture slopes, the rock content can be firstly considered, followed by the bedrock inclination.
[image: Figure 9]FIGURE 9 | The Permutation Importance value of input parameters.
5 DISCUSSION
In this study, a novel modeling structure is developed by coupling the INFO algorithm and machine learning algorithm (including the single machine learning algorithm and ensemble learning algorithm) to form stability prediction models for soil-rock mixture slopes. The novel ensemble learning model developed shows the highest prediction accuracy.
Qi and Tang, 2018 concluded that the support vector machine model based on the firefly optimization algorithm had the highest prediction accuracy. Xue (2016) found that the least square support vector machine model based on the particle swarm algorithm could significantly improve the prediction accuracy. In this study, the INFO intelligent optimization algorithm is used to finalize the hyperparameters of a single machine learning algorithm. By comparing the prediction accuracy of the models, it is found that MLP presents more effective in predicting non-linear and small sample datasets. Among the novel ensemble learning models based on the INFO algorithm, the IN-Voting model consisting of five single machine learning algorithms (SGD, SVM, MLP, RFR, and GBDT) exhibits higher prediction accuracy than other models. On the one hand, the INFO intelligent optimization algorithm improves the model prediction performance more significantly in the Voting combination of five weak learners with low prediction accuracy. For example, the prediction accuracy of the M1 group is higher than that of the five weak learners. On the other hand, the INFO intelligent optimization algorithm can also improve the prediction accuracy by about 0.01 in the Voting combination with high prediction accuracy of the weak learner itself. Based on the R2 values of single machine learning models and ensemble learning models under the INFO algorithm, the ensemble learning model has higher prediction accuracy (Pham et al., 2021).
In the new ensemble learning model, the complexity of the M16 is higher, resulting in a longer model optimization time. Therefore, in the stability prediction of soil-rock mixture slopes, the prediction accuracy of the model should be maximized with reduced model complexity. Moreover, the dual structure of soil-rock mixture slopes is complex, in which the distribution ratio of soil and rocks has a great influence on the prediction difficulty of slope stability (Dong et al., 2020; Xu and Zhang, 2021; Zhao et al., 2021). Therefore, in the prediction of slope stability, the soil content of 30%, 60%, and 90% can be divided into four intervals to study the characteristics of stability prediction.
6 CONCLUSION
In this study, two types of stability prediction models for soil-rock mixture slopes are developed through INFO, including 12 single machine learning models and 16 novel IN-Voting ensemble learning models with different combinations of weak learners. The stability coefficients of the two prediction models are examined in detail. Based on the three evaluation indicators, the novel IN-Voting ensemble learning model shows the best prediction performance. Finally, the importance analysis is performed for factors affecting slope stability, providing a new idea for stability prediction of soil-rock mixture slopes. The conclusions of this study are as follows.
(1) Among the 12 single stability prediction models, MLP has a highest prediction accuracy of 0.9681, which for non-linear data of Soil-rock mixture slopes. The MLP model plays an important role in the IN-Voting ensemble learning model.
(2) The 16 novel ensemble learning models are validated using data on mixed earth and rock slopes that have been investigated in detail. The results show that the R2 of each IN-Voting model is higher than that of the five single weak learner models. In addition, the MSE and MAE are less than 0.01. The M16 group IN-Voting ensemble learning model has the highest prediction accuracy with R2, MSE, and MAE of 0.9846, 0.0321, and 0.0013, respectively.
(3) The Permutation Importance method and the novel IN-Voting ensemble learning model developed by the M16 group are used to analyze the importance of factors affecting the stability of soil-rock mixture slopes. The four parameters in descending order are rock content, bedrock inclination, slope height, and slope angle. Therefore, in the engineering evaluation and treatment of soil-rock mixture slopes, the influence of the rock content rate and bedrock inclination should be emphasized.
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Because of the physical character of soil from granite weathering and the typhoon rains in South China, the model for early warnings of existing shallow landslides cannot be well applied in that area. This study developed a new shallow landslide model based on the effect of soil macropores for determining the rainfall threshold to post an early warning of the possibility of a shallow landslide in South China. We studied the hydrological effects of macropore flow and proposed a mechanistic model of the formation of shallow landslides by introducing the macropore coefficient of granite residual soil. The rainfall threshold of each slope unit was calculated by combining the hydrological model with the proposed shallow landslide model. Lastly, we tested the calculated result in the Maguihe watershed, Guangdong province, South China, which experienced a group of massive shallow landslides on 21 September 2010. The study results showed that the macropores of vegetation roots had a significant effect by increasing the permeability of granite residual soil. Coniferous forest land has the highest initial infiltration rate and stable infiltration rate, followed by shrub forest land, and then bare land. Statistical verification showed that the accurate prediction rate of the proposed model was 80.65%, which is adequate for early warning of shallow landslides in South China. We discuss the application conditions and parameter calibrations of the proposed model, and offer recommendations for future research.
Keywords: shallow landslide, formation mechanism, soil macropore flow, rainfall threshold, granites weathering crust
INTRODUCTION
Shallow landslides induced by heavy rainfall are common phenomena around the world and are frequently accompanied by serious loss of life and property, particularly in mountainous and hilly areas (Asch et al., 2007; Beville et al., 2010; Chien et al., 2015; Palladino et al., 2018; Liu X. et al., 2022; Liu Z. J. et al., 2022). South China is located in a strong monsoon interaction zone. Under the influence of global climate change and intensifying human activities, landslide disasters have been increasing in frequency and people’s lives and property in hilly and mountainous areas are facing huge threats (Dai et al., 1999; Gong, 2014; Gong et al., 2021; Shou and Chen, 2021). For example, on 21 September 2010, typhoon Fanapi caused a heavy rainstorm with a single-day rainfall of 814 mm. These conditions resulted in more than 2,000 shallow landslides in Gaozhou City, Guangdong Province, causing 73 deaths and direct economic losses of about 2.2 billion yuan (Wang and Xia, 2012). On 10 June 2019, thousands of shallow landslides occurred in Longchuan County, Heyuan City, Guangdong Province, causing the evacuation of 19,769 people and a direct economic loss exceeding 200 million yuan (Sohu news, 2019). History reminds us that engineering measures cannot always protect us against the forces of nature. Thus, an effective warning system based on well-calibrated rainfall readings is extremely important to mitigate the risks associated with shallow landslides caused by rainstorm in South China.
Currently, the commonly used approaches for analyzing shallow landslides are statistical or physical methods (Adams and Sidle, 1987; Kim et al., 2016; Palladino et al., 2018; Ran et al., 2018; Vandromme et al., 2020; Loche et al., 2022). The statistical method cannot address the physical mechanism or dynamic behavior of landslides and factors such as soil cohesion and friction angle have little correlation with landslide occurrence. The premise of this method for early warning of shallow landslides is to have long-term, relatively complete rainfall data (Florence et al., 2018; Bhardwaj et al., 2019; Gao et al., 2019; Hawas et al., 2019; Juliev et al., 2019; Mekonnen et al., 2022). However, in the mountainous and hilly areas of South China, landslide observation sites are scarce, the research foundation is weak, and relatively few historical records are available. Thus, the essential data such as the time of landslide occurrence and the corresponding accumulated rainfall are often lacking. In this case, the margin of error when using statistical methods to generate early warnings is relatively large. At present, most existing landslide warning systems in South China are based on this method, wherein a warning is issued when an observed value reaches a statistical threshold.
Physical and mechanical methods are based on rainfall infiltration, hydrological effects, and soil instability as a function of the slope to determine the rainfall threshold, or an analysis of the critical hydrological threshold of landslides by studying the movement mechanism and runoff process (Romano et al., 1998; Nguyen et al., 2014; Jiang et al., 2017; Liu et al., 2017; Wu et al., 2020; Qiu et al., 2022; Wang et al., 2022; Zhu et al., 2022). This is presently the most effective method for determining the risk of shallow landslides. With this approach, we can clearly describe the migration of precipitation on the surface and its infiltration into the ground, as well as observe and analyze changes in pore water pressure of soils that occur because of precipitation. In addition, specific changes in slope and the corresponding safety factor value can be calculated using the slope stability model (Wang et al., 2014; Fattah et al., 2017; Liang, 2022). Currently, the main physical models used to evaluate shallow landslides associated with rainfall are the Shallow Slope Stability model (SHALSTAB) (Pradhan and Kim, 2016; Kim, et al., 2019; Shou and Chen, 2021), the Stability Index MAPping model (SINMAP) (Michel et al., 2014; Edirisooriya et al., 2018), and the Transient Rainfall Infiltration and Grid-based Regional Slope Stability model (TRIGRS) (Alvioli and Baum, 2016; Marin et al., 2020; He et al., 2021). These physical models are mainly founded on the infinite slope method based on Mohr-Coulomb failure criteria to reveal landslide potential. The plane sliding model is representative of those methods in which it is assumed that slope instability can be extended indefinitely. Safety factors and the possible location of failure at the surface can be obtained using the limit equilibrium method. Therefore, this paper used the physical method to calculate the threshold for warning against shallow landslides induced by heavy rainfall in South China.
Because of the particular type of weathered granite soil in South China, the formation mechanism is quite different from that of the loess landslides in the northwest and the gravel landslides in the southwest. The surface layers of shallow landslides in South China consist mostly of strongly weathered granite and residual slope accumulation layers, with well-developed surface joints and fissures. Heavy rain can scour the pores, gradually enlarging them to form channels for surface infiltration, turning the precipitation into a preferential flow through large pores. A temporary groundwater level is formed in the loose layer with a larger hydraulic conductivity that causes floating drag and scouring of the rock and soil mass, and eventually leads to the large-scale occurrence of shallow landslides (Dai et al., 1999; Letto and Cella, 2016; Gong et al., 2017; Chen et al., 2022; Liao et al., 2022; Silva et al., 2022). At present, most relevant physical models assume that under conditions of no surface runoff, the mechanism of how macropore flow influences shallow landslides is still unclear. Most research has focused on conducting laboratory tests on soil macropore flow (Ilek et al., 2019; Muddle and Briggs, 2019; Kotlar et al., 2020; Tao et al., 2020; Jarvis and Larsbo, 2022); related studies evaluating the effect of macropore flow on shallow landslide stability are relatively rare, and no relevant physical model incorporating the soil macropore coefficient has been established so far.
Therefore, the overall objective of this study was to develop an innovative model of the mechanism of shallow landslides that takes into account the effect of soil macropore flow. We also propose a method for determining the rainfall threshold for generating early warnings of shallow landslides in South China by combining the proposed physical model and the hydrological model. The specific objectives were 1) to analyze the effect of root macropores on soil permeability by field experiments using double-ring infiltration meters, 2) to develop a mechanistic model of shallow landslides including the effect of macropores, 3) to propose a method for determining the rainfall threshold for early warnings of shallow landslides based on the proposed model, and 4) to test the performance of the proposed method based on historical disaster data and from actual field data. To achieve these objectives, the Shenshui watershed, located in western Guangdong Province, South China, was selected as the study area. Because of the complex interaction of natural and artificial factors, this area has suffered repeatedly from shallow landslides from 2010 to 2021, causing serious loss of life and property. The study results provide a scientifically reliable theoretical basis for the mitigation of shallow landslides in South China.
MATERIALS AND METHODS
Study area
The Shenshui watershed, located in Magui town, Maoming City, Guangong Province, South China, was selected as the study area (Figure 1). The watershed area is approximately 9.52 km2 with a maximum elevation of approximately 836 m, and the length of the main channel is nearly 4.71 km. The river bed gradient is relatively large, ranging from 0° to 58.34°. The range of a typical channel slope, accounting for 39.51% of the study area, is between 30° and 40°. The characteristic parameters of the debris flow gully watershed are listed in Table 1.
[image: Figure 1]FIGURE 1 | Location of the study area.
TABLE 1 | Morphological characteristics of the study area.
[image: Table 1]The study area is a subtropical monsoon region, with a climate strongly influenced by the South China Sea. The average annual temperature ranges from 21.3°C to 23.2°C (Wang and Xia, 2012). The average annual rainfall is 2160 mm, the maximum average annual rainfall is 3150 mm, and the maximum annual rainfall is 3175 mm as recorded by the Magui hydrological observation station (Liu 2011). Lithologically, the main exposed strata are mainly Late Proterozoic gneissic fine-grained and medium-grained monzonitic granite, Sinian feldspar quartz sandstone mixed with silty slate and phyllite, Jurassic metamorphic rock formations, and Quaternary clay silt and sandy gravel sandwiched in clay siltstone. The parent material of the natural soil is mainly granite, with gneiss and its weathered elements. The study area is subject to heavy rains from typhoons and other severe convective weather. Because of its peculiar natural and geographical conditions, the heavy rains frequently lead to collapses, shallow landslides, debris flows and other disasters. For example, on 21 September 2010, Magui town suffered from many collapses, landslides, and debris flows because of typhoon Fanapi (Figure 2), resulting in the deaths of at least 73 people and damage to 8300 houses costing 2.2 billion yuan in economic losses (Wang and Xia, 2012), and having a serious impact on the environment and the lives of local residents. The shallow landslides occurred mostly at the top of the hill and halfway up the mountain, where loose solid materials were abundant. We determined the occurrence of shallow landslides induced by this event from the remote-sensing image data of the study area (Figure 2). It can be seen that the area of shallow landslides was nearly 0.60 km2; therefore, the early warning of the risk of shallow landslides in this area was extremely important.
[image: Figure 2]FIGURE 2 | Distribution of shallow landslides in the Shenshui watershed induced by typhoon Fanapi. (A) Remote-sensing images after the event and (B) distribution of shallow landslides.
Field testing of effects of macropore flow on permeability enhancement
Numerous mass disaster events in South China, such as the Magui disaster on 21 September 2010 and the Longchuan disaster on 10 June 2019, show that mass shallow landslides are mainly concentrated on the mountains with well-developed vegetation. However, shallow landslides rarely occur in mountains with poor vegetation development. This is because the macropores of vegetation roots have a significant effect on increasing the permeability of granite residual soil. To discuss the effect of root macropores to the permeability of granite residual soil in South China, we measured the infiltration properties of granite residual soils under representative vegetation in South China using the double-loop method. Three cover types are used: coniferous forest, shrub forest and bare land. Every cover type conducted three groups of field tests. The field test of double-loop method was carried out according to the relevant specifications, mainly measuring the initial infiltration rate and stable infiltration rate of granite residual soils.
Mechanistic model of shallow landslides and the effect of macropores
According to the rainstorm infiltration mechanism of landslide formation, the surface runoff is taken as the node with two conditions being considered. With little surface runoff of rain, the groundwater infiltration and slope stability coefficient are controlled by the amount of rainfall. In the second case, with surface runoff, the volume of groundwater infiltration depends on the presence of large soil pores, which causes the soil to become saturated; thus, rainfall infiltration is mainly affected by the hydraulic conductivity of the saturated soil. It is assumed that the landslide body is relatively impermeable, a temporarily confined aquifer is located below the slip surface, and groundwater flows and circulates in deep layers along the confined aquifer. In South China, the shallow landslides are mainly induced under the second case. Thus, this study focused on landslide stability under the condition of surface runoff during a heavy rainstorm.
Under the action of rain, the flotation force [image: image] acting on the landslide surface generated by the macropore flow is a non-negligible factor for rainstorm-induced landslides. The formula for calculation of [image: image] can be express as:
[image: image]
where [image: image] is the flotation force (N), [image: image] is the water density (kg/m3), [image: image] is the gravitational acceleration (9.81 N/kg), [image: image] is the depth of the aquifer from the surface (m), [image: image] is landslide surface length (m), and [image: image] is the terrain gradient (°).
Innovatively considering the influence of macropore flow on landslide formation, the macropore coefficient ([image: image]) is introduced here. The hydrostatic pressure [image: image] generated by the macropores is:
[image: image]
where [image: image] is the hydrostatic pressure generated by the macropores (N), [image: image] is the macropore coefficient of the soil (%), and [image: image] is the soil thickness (m).
When the seismic force is ignored and surface runoff occurs, the slope stability coefficient [image: image] can be obtained by considering the sliding body gravity, hydrostatic pressure, seepage pressure and floating force after formation of the temporary groundwater level:
[image: image]
where [image: image] is the slope stability coefficient, [image: image] is the cohesion of the soil (kPa), [image: image] is the density of soil (kg/m3), and [image: image] is the internal friction angle (°) of the soil.
Divide both the numerator and denominator of the above equation by [image: image], as:
[image: image]
Let [image: image] represent the density ratio of water to soil in the landslide area (dimensionless), and let [image: image] be the saturation state of the slope soil, which is the saturation factor. The above formula can be further simplified as:
[image: image]
Divide both the numerator and denominator of the above equation by [image: image], and let [image: image] represent the effective soil cohesion, which is a variable associated with the soil cohesion ([image: image]). The above formula then becomes:
[image: image]
where [image: image] is the saturation state of the slope soil (dimensionless), which can be calculated by the following formula:
[image: image]
where [image: image] is the effective rainfall (mm), a is the ratio of the rain collection area (the catchment area) to the drainage width (m), and T is the transmissibility ([image: image], m2/d), where K is the permeability coefficient (m/d or cm/s), and Z is the soil thickness (m). The [image: image] can be given as:
[image: image]
Rainfall threshold of shallow landslides
When [image: image] >1, the slope is stable; when [image: image] =1, the slope is in a state of limit equilibrium; and when [image: image] <1, the slope is unstable. Considering the slope is in a state of limit equilibrium ([image: image] =1), Eq. 8 can further be simplified as:
[image: image]
The main reason for shallow landslides during heavy rainfall in South China is the rise in groundwater level, soil saturation and the reduction in effective shear strength caused by continuous heavy rainfall. The limit equilibrium theory can well express the coupling relationship between hydrology and geology. Therefore, according to the runoff characteristics and mechanical limit equilibrium of slopes in small watersheds, an early warning threshold model of shallow landslides occurring in groups can be established based on the hydrological-mechanical mechanism. The hydrological model of this study used the improved SCS model to simulate the relationship between rainfall and infiltration, and the established slope limit equilibrium formula to analyze the stability of the slope under heavy rainfall. The calculation unit used in this study is the slope unit. The small watershed digital elevation model (DEM) is used to realize the automatic division of the slope unit, and each unit is coded and given element attribute information. On this basis, GIS spatial analysis is used to calculate the warning threshold of each division unit.
RESULTS AND DISCUSSION
Field test of the double-loop method
The test result of the initial infiltration rate and stable infiltration rate of granite residual soils in the three cover types are shown in Table 2. The processes of soil infiltration on different vegetation plots are shown in Figure 3.
TABLE 2 | Comparison of infiltration performance of three different vegetation coverage types.
[image: Table 2][image: Figure 3]FIGURE 3 | Infiltration process of different vegetation coverage in granite residual soil in South China.
It can be seen that although there are differences in the specific infiltration process on the different vegetation plots, the overall trend is the same. The soil infiltration rate was high in the initial stage, and decreased rapidly over a short period of time; then, the rate of decrease of infiltration slowed down, and the final infiltration rate approached a stable value.
In this paper, two infiltration indicators, initial infiltration rate and stable infiltration rate, were selected to analyze and evaluate the granite residual soil permeability in each plot (Table 2). It can be seen that the initial infiltration rate and the stable infiltration rate of coniferous forest land were the highest, followed by shrub forest land, and bare land. This is because the decomposing leaves form humus, and soil under the action of humus forms aggregates with a large pore structure. In addition, the coniferous forest soil is more transparent with many developed roots, root-soil gaps, rotted root channels and other large pores. The macropores of vegetation roots have a significant effect on increasing the permeability of granite residual soil. Therefore, a determination of the stability of a slope covered by vegetation must take into account the effect of macropore flow, which strongly influences slope stability; otherwise, the prediction of shallow landslides will be very different from the actual situation.
Calculated result of rainfall threshold of shallow landslides
Division of early warning unit
On the ArcGIS 10.5 platform, according to the digital elevation model (DEM) of the study area, the source-cutting method was adopted, and the ridge line and the valley line were used as the boundaries. The slope unit in the study area was divided into 624 slope subunits (Figure 4).
[image: Figure 4]FIGURE 4 | Divisions of the slope unit in the study area.
Results of model parameter calculations
In our proposed physical model of shallow landslides, the main parameters were terrain gradient ([image: image]), the ratio of the area of rain collection ([image: image]), the soil transmissibility coefficient ([image: image]), the soil thickness ([image: image]), the soil internal friction angle ([image: image]), the soil effective cohesion ([image: image]), the density ratio of water to soil in landslide ([image: image]), and the soil macropore coefficient ([image: image]).
1) Terrain gradient of the slope unit ([image: image])
Slope is the most influential element in the determination of the risk factor for shallow landslides. Using GIS software, we first calculated the slope of each grid, and then used the spatial statistics function to count the average slope of each slope unit. The result is shown in Figure 5A.
2) The ratio of the area of rain collection ([image: image])
[image: Figure 5]FIGURE 5 | Calculated results of proposed model parameters and the critical effective rainfall of each slope unit in the study area. (A) Terrain gradient; (B) ratio of the area of rain collection; (C) soil thickness; (D) soil transmissibility coefficient; (E) soil effective cohesion; and (F) critical effect rainfall.
The ratio of the area of rain collection was calculated as:
[image: image]
in which [image: image] is the ratio of the area of rain collection (m), A is the catchment area above the unit slope (m2), which can be directly calculated in GIS software through the area operation function. B is the drainage width (m), which can be calculated in the GIS software by length. The results of calculating the ratios of the areas of rain collection are shown in Figure 5B.
3) The soil thickness ([image: image])
Soil thickness is one of the important factors affecting shallow landslides. In this study, in order to obtain the distribution of soil thickness in study area, field measurements of soil depth were made. The main measurements were soil thickness and surface slope. The measurement position of soil layer thickness was selected in the exposed section area, which was performed manually using an auger and tape measure. Based on the results of field measurements, a regression analysis was carried out on the relationship between slope and soil layer thickness, as:
[image: image]
where [image: image] is the soil thickness (m) and [image: image] is the soil surface slope (°). Through DEM analysis, the average slope ([image: image]) of each slope unit was obtained; then, the soil thickness ([image: image]) was calculated by Eq. 11 (Figure 5C).
4) The soil transmissibility coefficient ([image: image])
The soil transmissibility coefficient was calculated by the following equation:
[image: image]
where [image: image] is the soil transmissibility coefficient (m2/d), [image: image] is the soil permeability coefficient (m/d or cm/s), [image: image] is the soil thickness (m), and [image: image] is the terrain gradient of the slope unit (°). The distribution of soil transmissibility coefficient is shown in Figure 5D.
5) The soil effective cohesion ([image: image])
A slope is a unified system composed of its upper soil layer and covered vegetation, and the effective cohesion of the soil is the combination of soil cohesion and plant root cohesion. In this study, the effective cohesion of the soil as related to vegetation coverage was calculated by the following formula:
[image: image]
where [image: image] is the maximum value of soil cohesion (kPa), which was obtained through literature review and field surveys, [image: image] is the vegetation cover index, which can be extracted from remote sensing images by the ENVI software. The calculated result of soil effective cohesion is shown in Figure 5E
6) The density ratio of water to soil ([image: image]) and the soil macropore coefficient ([image: image])
The density ratio of water to soil ([image: image]) in the landslide area was a fixed value equal to the ratio of the density of water to the density of soil (dimensionless). In this study, the density ratio of water to soil was 0.378.The soil macropore coefficient ([image: image]) was obtained by field experiments on the soil (dimensionless). In this study, the soil macropore coefficient of the slope unit was between 0 and 0.04, with an average value of 0.025.
Lastly, according to Eq. 9 and the algebraic calculation of each factor in ArcGIS software, the critical effective rainfall amount triggering shallow landslides in each slope unit can be obtained (Figure 5F).
It can be seen that the terrain slope of the slope unit in the study area varied from 1.986° to 41.362°. The upstream slope of the small watershed was larger, and the slope of the valley and downstream areas was relatively gentle (Figure 5A). The ratio of the area of rain collection in the study area ranged from 13.742 to 5084.77 (Figure 5B). The thickness of granite residual soil in the Shenshui watershed was relative high, with a maximum value of 8.754 m (Figure 5C). The transmissibility coefficient was between 0.00008739 m2/d and 0.0175 m2/d (Figure 5D). The soil effective cohesion was relatively small, with a maximum value of 3.6597 kPa (Figure 5E). It can be seen that when the effective rainfall was greater than 50 mm, some slope units slided (Figure 5F). The greater the effective rainfall, the greater the number of unstable slope units and the larger the group of landslides occurring. We compared the actual measured rainfall with the critical rainfall, and obtained the unstable state of the slope unit under the actual rainfall, so as to carry out early warning and forecasting for each slope.
Verification of proposed model
On 21 September 2010, the residents of Magui town experienced many shallow landslides due to the strong rains associated with typhoon Fanapi. The total rainfall reached 829.7 mm (from 19 September, at 20:00 h, to 23 September, at 20:00 h). The time of heavy precipitation in Magui Town on 21 September occurred from 00:00 to 12:00, with two peaks of very heavy precipitation. One peak occurred at about 02:00 h and the precipitation was 74 mm/h. The other peak was at 11:00 h, and the peak precipitation reached 105.5 mm/h. The rainfall process of this event is shown in Figure 6.
[image: Figure 6]FIGURE 6 | Precipitation levels associated with the landslide event of 21 September 2010.
By inputting the above precipitation process data into the improved hydrological SCS model, we were able to obtain the actual effective rainfall threshold triggering shallow landslides on each slope unit. Then, by comparison with the critical effective rainfall calculated by the physical model proposed in this study, the spatial distribution of unstable slope units calculated by the proposed theoretical model can be illustrated (Figure 7).
[image: Figure 7]FIGURE 7 | Comparison between the calculated results from the landslide early warning model and the actual occurrence.
Figure 7 shows that within the scope of the disaster, there were 336 slope units on which shallow landslides occurred. According to the results of the proposed model calculations, landslides happened on 271 slope units, and the accuracy of the prediction rate was 80.65%. Thus, the model proposed in this study was successfully used for early warning of shallow landslides in the Magui River Basin.
DISCUSSION
The key parameters of the proposed physical model for early warning of shallow landslides can be roughly divided into five categories, namely topographic parameters, geological parameters, hydrological parameters, vegetation cover parameters, and meteorological parameters. The key parameters and the methods for obtaining them are shown in Table 3.
TABLE 3 | Method of obtaining the key parameters of the proposed physical model of shallow landslides.
[image: Table 3]The above model parameters are very important for the calculation of shallow landslide warning thresholds. Therefore, in specific applications, it is necessary to test and calibrate these parameters, to ensure that they are in agreement with the actual results, and only in that way can the predicted warning threshold be accurate. The proposed model can be used in those areas with soil composed of weathered granites and subject to typhoon rainstorms, such as South China. In the future, we will continue to test this model on other watersheds where shallow landslides have occurred, so as to increase its accuracy for use in other regions.
CONCLUSION
In this study, we developed a physical model of shallow landslides, influenced by the effect of soil macropore flow, and proposed a method for determining the rainfall threshold for early warnings of shallow landslides based on the hydrological model and the proposed physical model in South China. The conclusions are:
1) We measured the infiltration properties of granite residual soils under three representative vegetation covers in South China using the double-loop method. The initial infiltration rate and the stable infiltration rate of coniferous forest land were highest, followed by shrub forest land, and bare land. The macropores of vegetation roots had a significant effect on increasing the permeability of granite residual soil; therefore, the type of vegetation coverage and the infiltration effect of macropores must be considered in determining the stability of a developed slope, otherwise the prediction of shallow landslides will be very different from the actual situation.
2) Considering the effect of macropore flow on shallow landslides, we introduced the macropore coefficient of soil into the shallow landslide mechanism model, and established a revised shallow landslide physical model of granite residual soil in South China.
3) We applied the proposed physical model to calculate the rainfall threshold for early warning of shallow landslides. The massive number of shallow landslides induced by the heavy rainfall on 21 September 2010 was used to verify the calculated results, and revealed a prediction accuracy of 80.65%. Thus, the model proposed in this study provided useful early warnings of the shallow landslides in the Magui River Basin.
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Flash floods cause damage to engineering structures and buildings mainly due to their huge impact force. Scientific investigation of the impact process of flash floods has significant theoretical and engineering implications in ensuring the safety of flood-resistant structures and human life. In this experimental study, the impact pressure and flow velocity in the flow field were measured synchronously using the impact detection system and a particle image velocimetry system in a water channel and the effects of the turbulence structure on the impact process of flash flood were investigated. As shown by the experimental measurements, the large-scale coherent structure in the flow field reached six times the boundary layer thickness. The turbulence and impact force energy spectra were very similar in the low-frequency, large-scale wave band, indicating that the large-scale turbulence structure dominated the impact process. Both the mean and maximum impact pressures increased with the turbulence kinetic energy. An equation for impact force characterization that considers the effects of turbulence and thus was more accurate was given, providing a theoretical basis for the protection of engineering structures from the damage by flash floods.
Keywords: flash flood, impact force, coherent structure, experimental study, turbulence kinetic energy
INTRODUCTION
Because of the complex natural environment, the frequency, intensity, and range of influence of disasters in the word have increased. These disasters include landslides, debris flows, flash floods and so on (Cui, 1999; Yang et al., 2015; Lei et al., 2018; Liu et al., 2022; Qiu et al., 2022; Wang et al., 2022). In the mountainous regions, the flash flood disasters are attracting a great deal of attention throughout the world (Zhang et al., 2019; Bazai et al., 2022). Flash floods are characterized by sporadic events, high flow velocity, strong transport capacity, with wide impacts and great destructive potential (Yang et al., 2015). Mountains account for approximately more than two thirds of China’s territory, with rapid economic development and increasing anthropogenic activities, the occurrence of flash floods is rising in these areas. The flash floods have caused severe damage to railway bridges, buildings, and other engineering structures in these areas. For example, the Sichuan-Tibet Railway, the Sichuan-Tibet Road, the China-Pakistan Economic Corridor, and other major engineering projects have been impacted by flash flood disasters at different degrees.
Flash flood disaster is also a common problem facing the world’s countries and has received extensive attention from researchers (Yanmaz and Altinbilek, 1991; Kobayashi et al., 1988; Cui, 1999; Veerappadevaru et al., 2012; Lei et al., 2018). Field experiments, flume experiments and numerical methods have been carried out to detect the impact force of flash flood (Zanuttigh and Lamberti, 2006; Hu et al., 2011; Cui et al., 2015). At the macroscopic level, previous studies focused on the physical, destructive, and spatiotemporal characteristics, cause of formation, and early warning of flash flood disasters, providing scientific guidance on disaster prevention and mitigation.
On the other hand, there are many opportunities to observe turbulent flows in our surroundings, such as the flash flood or debris flow, or a strong wind. An important characteristic of turbulence is its ability to transport and mix fluid more effectively than a laminae flow, which were first demonstrated by the famous Reynolds’ experiment by Osborne Reynolds (Reynolds, 1883). Since then, more and more researchers began to study the physical mechanism of turbulence aimed to developing tractable mathematical models that can accurately predict properties of turbulent flows, such as energy cascade and Kolmogorov hypotheses (Richardson, 1922; Kolmogorov, 1941). Moreover, an important focus of research on turbulence was inspired by the observation of coherent structures in turbulent boundary layers (Theodorsen, 1952; Kline et al., 1967; Townsend, 1976). Smits et al. (2011) identify four principal characteristic elements of turbulent structure: near-wall streaks, hairpin or horseshoe vortices, large-scale motions (LSMs) and very-large-scale motions (LSMs) (Theodorsen 1952; Kline et al., 1967; Kim and Adrian 1999; Wang and Zheng, 2016; Gu et al., 2019; Wang et al., 2020). Notably, the coherent structures have been evidenced in wall-bounded flows and demonstrated to play a crucial role in the turbulent kinetic energy (TKE), the momentum flux and the mass transport process (Baas and Sherman, 2005; Balakumar and Adrian, 2007; Dupont et al., 2013; Zheng et al., 2013; Wang et al., 2017). The studies on the coherent structures give an in-depth understanding of the flow phenomena and physical mechanisms in wall-bounded flows. Moreover, studies on large-scale turbulence structures have provided new approaches and perspectives to the examination of the impact process of flash floods.
However, the following aspects of the impart process of flash floods have remained unclear. The effects of the coherent turbulent structures on the impact process (whether the impact force is directly correlated with the coherent turbulent structure, and the quantitative effects of the turbulence characteristics on the impact force). In this experimental study, the turbulence characteristics of flash flood and the inherent physical mechanisms of the impact force were investigated, and an equational characterization of the impact force that considered the turbulence characteristics was established, with the aim of providing theoretical criteria for disaster prevention and mitigation engineering.
EXPERIMENTAL SETUP AND DATA PREPROCESSING
Experimental setup
The experimental setup consisted of a water channel measuring 4 m (length) × 0.2 m (width) × 0.4 m (height), its slope was set to 7° or 13° (a schematic diagram of the flume is shown in Figure 1). A material supply tank with a maximum volume of 1.3 m3 was configured on top of the channel. A valve was configured at the water inlet to control the depth of flow in the channel. The flow velocity at the middle section of the channel (2 m from the water inlet) was measured using particle image velocimetry (PIV). Impact pressure sensors were configured at the end of the PIV measurement section to avoid interfering with the flow field, thereby enabling synchronous measurement of the flow field and impact force.
[image: Figure 1]FIGURE 1 | Schematic diagram of the experimental setup.
Turbulence intensity (TI) describes the rate at which the flow velocity varies with time and reflects the relative intensity of the velocity fluctuation. Turbulence intensity is defined as the ratio of the standard deviation of flow velocity (root mean square of fluctuating velocity) to the mean velocity (U). During the experiment, the turbulence intensity was varied by using grilles of two different grille blocking rate (30% and 50%) (just as show in Figure 2).
[image: Figure 2]FIGURE 2 | Experiment setups: (A) the flume; (B) PIV measurement; (C) grilles; (D) impact force sensor.
Two major parameters of the impact process of flash flood, flow velocity and impact force in the flow field, were measured using a high-speed PIV system and impact force sensors, respectively. The PIV system was used to record the flow morphology of flash floods and analyze their flow characteristics such as flow velocity, depth of flow, turbulence intensity, and the scale of coherent turbulent structure. The PIV system mainly consisted with: CCD, laser emitter, synchronizerand a computer. The glass spheres with a medium diameter of 10 μm and a density of 1.05 gcm−3 were used as tracer particles during our experiment. The impact force sensor was of piezoresistive type and had a measurement range of 0–200 kPa. The diameter of the sensor was 20 mm and the precision of sensor was 0.02%. The data collection system had a sampling frequency of 1,000 Hz in this study. Four sensors were installed at four different heights (1.5, 4.5, 7.5, and 10.5 cm) from the bottom of the water channel and were referred to as sensors #1–#4, respectively (just as show in Figure 1). The impact force sensors were connected to the data collection system, which was then connected to the computer. Prior to the start of the experiment, the computer times of the PIV system and the impact force measurement system were synchronized, thereby realizing synchronized measurement of the flow field and impact force.
A total of 18 experiments were performed. Table 1 shows the major parameters for each of the experiments. Each experiment was repeated three times to minimize experimental error. The mean velocity with the flume slope of 7° (for all 9 Set experiments) was calculated at 4.67 m/s and the corresponding standard deviation was 0.15 m/s. When the flume slope of 13°, the mean velocity was calculated at 4.89 m/s and the corresponding standard deviation was 0.10 m/s, which is litter bigger than the velocity with the flume slope of 7°.
TABLE 1 | List of work conditions and main parameters of the measurement.
[image: Table 1]Data preprocessing
The black line in Figure 3 shows the original impact pressure signal fluctuations obtained from experiment s1-2 (h = 4.5 cm). The maximum impact pressure was 11.80 kPa. The blue line in this figure shows the streamwise velocity fluctuations from PIV measurement. From Figure 3, the streamwise velocity (blue line) has an obviously decreasing trend during this time period (as shown by the red rectangle in Figure 3). The envelopes defined by the local maxima and local minima of impact pressure (black line) also have a decreasing trend although it is not obviously. This phenomenon may be caused by the pressure signal fluctuations cannot respond as quickly as the velocity signal fluctuations. In general, from a comparison with the streamwise velocity fluctuations of the flow obtained by the PIV system, the impact pressure signal fluctuations were correlated with the streamwise velocity fluctuation.
[image: Figure 3]FIGURE 3 | The streamwise velocity fluctuations from PIV measurement (blue line) and the impact force signal fluctuations from pressure sensor (black line) at 0.45 cm of s1-2.
The subsequent analyses mainly focused on the mechanisms underlying the effects of the turbulence structure on the impact force. Such analyses require stable data. However, the streamwise velocity and impact pressure signals obtained from the experiments showed an evidently decreasing trend which were not suitable for our analyses. Therefore, to facilitate subsequent spectral analysis, some specific selection and pretreatment should be performed on the flow velocity fluctuation and impact pressure signals. Figure 4 shows an illustration of the treatment process (the streamwise velocity fluctuations at 0.45 cm of s1-2 for example). First, the impact pressure signals and velocity fluctuation were divided into 4-s segments (as shown by the red rectangle in Figure 3). Then, each segment of velocity fluctuation and impact force signal fluctuations was subjected to linear fitting, thereby obtaining the linearly fit trend of each segment of data (as shown by the red solid line in Figure 4). Finally, the trend component of the signals was subtracted from the original raw data, thereby obtaining the de-trended fluctuations in the impact pressure and velocity, the grey line in Figure 4.
[image: Figure 4]FIGURE 4 | The de-trending process, the black line is the raw streamwise velocity fluctuations at 0.45 cm of s1-2, the red line is the linearly fit trend signal and the grey line is the de-trended signal.
THE EFFECTS OF THE COHERENT TURBULENT STRUCTURES ON THE IMPACT PROCESS
Experimental and numerical studies have shown that a turbulence structure induces continuous losses in the streamwise velocity, resulting in the streamwise velocity in the structural space being lower than the mean horizontal convection velocity. For example, Hutchins and Marusic (2007) used streamwise velocity contours to represent turbulence structures and found the existence of a meandering morphology of the large-scale structure. Different from the method of Hutchins and Marusic (2007) of using the horizontal contours of streamwise velocity for flow visualization (x-y plane), the vertical contours of streamwise velocity were used for flow visualization in this experimental study. In this way, the vertical scale variations and streamwise motions of the large-scale turbulence structure were revealed in a more straightforward manner (x-z plane). The temporal scale of the flow was converted to the streamwise length according to Taylor’s frozen turbulence hypothesis. Figure 5 shows the streamwise velocity contours obtained from experiment of s1-2, where the blue areas indicate velocity losses. From the velocity losses shown in Figure 5, there existed turbulent motions with a large streamwise length (approximately 0.23 m) in the flow field. The scale reached three times the thickness of the boundary layer (approximately 0.07 m, just as show in Table 1) and exhibited a trend of increasing with the height, which is consistent with previous studies.
[image: Figure 5]FIGURE 5 | The contours of the streamwise velocity fluctuations of s1-2.
From the streamwise velocity contours in Figure 5, we have confirmed the existence of large-scale turbulence structure in our experiment. We will analyse whether the impact force is directly correlated with the coherent turbulent structure. To clarify that the time scales and energy fractions between the streamwise velocity and the impart force, we obtained their normalized energy spectra using the wavelet transform method (Baas, 2006; Tang et al., 2013; Zheng et al., 2013; Gu et al., 2019). We used the basis functions of the Daubechies wavelet in this study. In order to reveal the relation between the flow filed and the impart force, the normalized energy spectra of the streamwise velocity u and the impart force p measured at 0.45 cm of s1-2 are compared in Figure 6A. Figure 6A clearly shows that the energy-containing turbulence structure in the flow field obtained from this experiment had a frequency of 10 Hz. As the mean flow velocity was 4.7 m/s for experiment of s1-2, the spatial scale of the large-scale structure was 0.47 m based on Taylor’s frozen turbulence hypothesis, which was equal to six times the boundary layer thickness (approximately 0.07 m). In addition, the impact pressure spectrum not only exhibited a distribution pattern similar to that of the flow velocity spectrum but also peaked at 10 Hz, indicating that the impact force fluctuation is actually a manifestation of and is highly consistent with the flow field fluctuation.
[image: Figure 6]FIGURE 6 | (A) The normalized energy spectra of the streamwise velocity u and the impart force p measured at 0.45 cm of s1-2. (B) The co-spectra for the streamwise velocity perturbations u and impart force p measured at 0.45 cm of s1-2.
To identify the frequency (scale) at which the flow field fluctuation is more significantly correlated with the impact pressure, a cross-spectral analysis of the flow velocity and impact pressure was performed (Figure 6B). As discussed above, the recurrent large-scale structure have a character frequency of 1–10 Hz and have a substantial contribution to the impart force as shown in Figure 6B. This also indicates that the large-scale coherent structure dominated the impact process.
THE QUANTITATIVE EFFECTS OF THE TURBULENCE CHARACTERISTICS ON THE IMPACT FORCE
The addition of a grille (with a perforation ratio of 30% or 50%) can change the turbulence intensity in the flow field, but not change the mean velocity at the same experiment condition. Figure 7A shows the variations in the impact pressure (maximum and mean impact pressures) with the flow velocity obtained from the experiments. The mean flow velocities under several sets of experimental conditions were all approximately 4.6 m/s, and the correlation between the impact pressure (maximum and mean impact pressures) and the mean flow velocity was nonsignificant. Figure 7B shows the variations in the impact pressure (maximum and mean impact pressures) with the normalized turbulence intensity. Both the maximum and mean impact pressures increased with the turbulence intensity. Therefore, turbulence intensity-induced impact pressure variations are nonnegligible to the investigation of impact pressure.
[image: Figure 7]FIGURE 7 | (A) Variations in the mean impact pressure and max impact pressure with the streamwise velocity; (B) Variations in the mean impact pressure and max impact pressure with the normalized turbulent intensity.
For the impact process of flash flood, the impact pressure of the liquid-phase slurry can be calculated using Eq. 1:
[image: image]
The coefficient [image: image] can be approximated to be 0.5 according to the equation for the dynamic pressure of fluids given in fluid mechanics: [image: image]. As shown by the variations in [image: image] with the normalized turbulent kinetic energy (TKE) in Figure 8, coefficient α of the impact force characterization equation obtained from the experimental measurements was approximately 0.5 at low turbulence intensities but increased to approximately 0.6 at high turbulence intensities. Thus, the impact force characterization equation that considers turbulence fluctuation can be expressed as: [image: image], which can be simplified as:
[image: image]
[image: Figure 8]FIGURE 8 | Variations in the [image: image] with the normalized turbulent kinetic energy (TKE).
The coefficient [image: image] can be improved as [image: image]. Considering that the normalized turbulence intensity obtained from the experiments in the range of 0.001–0.004, α* is almost not affected by turbulence fluctuation. However, coefficient α* obtained from the experiments reached a maximum of 0.6, representing an increase of approximately 20%.
Based on the spectral and cross-spectral analyses of the large-scale turbulence structure and impact pressure in the flow field, the cause of this phenomenon possibly lies in the large-scale structure. The meandering large-scale structure controlled the transport of kinetic energy and momentum. On the other hand, the inclination angle of the large-scale turbulence structure, which is believed to be a pathway for mass and momentum transport (Cheng et al., 2011; Dupont et al., 2013). The phenomenon of large-scale structures inclined at a shallow angle away from the wall is originally studied by Kovasznay et al. (1970). Studies also have found that the inclination angle decreases near linearly with the streamwise velocity gradient (Liu et al., 2017). Thus, the inclination angle of the large-scale turbulence structure is smaller at high turbulence intensities than low turbulence intensities in our experiment. This possibly resulted in the local maximum impact pressure being larger than the dynamic pressure of the fluid, thereby causing the phenomenon found in this experimental study.
CONCLUSION
This study conducts the synchronous measurements on the impact pressure and flow velocity in the flow field, aims to reveal the relation between the flow filed and the impart force of flash floods. Analysis on the measured data show that:
1) The existence of large-scale turbulence structure in flash flood from the streamwise velocity contours and the large-scale coherent structure in the flow field can reach up to six times the boundary layer thickness. Moreover, the turbulence and impact force energy spectra were very similar, indicating that the large-scale turbulence structure dominated the impact process.
2) The correlation between the impact pressure (maximum and mean impact pressures) and the mean flow velocity was nonsignificant. But the mean and maximum impact pressures increased with the turbulence kinetic energy. The cause of this phenomenon possibly lies in the large-scale structure. Therefore, the turbulence effect must be considered when assessing the vulnerability of a group of buildings. An equation for impact force characterization that considers the effects of turbulence and thus was more accurate was also given, providing a theoretical basis for the protection of engineering structures from the damage by flash floods.
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Vegetation coverage is an important indicator for evaluating regional environmental quality. Based on MODIS NDVI and DEM data collected for the upper reaches of the Ganjiang River Basin, China, this study used trend analysis, coefficient of variation, Hurst index, and linear regression to analyze the temporal and spatial evolution of vegetation coverage and its relationship with terrain factors in the basin during the years 2000–2020. The vegetation coverage in the study area showed a fluctuating increasing trend at a rate of 5%/10y, and an increasing trend with increasing elevation. The maximum vegetation coverage was identified in the elevation zone of 750–1,000 m, with an average of 83.54%. Vegetation coverage also showed an increasing trend with increasing slope. The maximum vegetation coverage was up to 82.22% in the slope zone of ≥25°. There were no significant differences among the distributions of vegetation coverage in different aspects because the terrain in the study area is not rugged enough to form barriers against sunlight. The vegetation coverage was relatively stable in the study area, with an average coefficient of variation of 14.8%. Hurst analysis showed that the anti-sustainability effect of vegetation change was stronger than that of sustainability, and weak anti-sustainability was dominant. The effects of human activities mainly concentrated in the areas of low elevation and small slopes less than 2°where cities and towns are located. The findings can provide a scientific basis for the management of regional ecosystems in the future.
Keywords: vegetation coverage, spatial-temporal variation, terrain factor, correlation, Ganjiang River basin
1 INTRODUCTION
RESPONSE of terrestrial ecosystems to global climate change is a core research subject raised in the International Geosphere-Biosphere Program (IGBP) (Deng et al., 2021; Bejagam et al., 2022; Wei et al., 2022), which has received great attention from the international scientific community. As an essential component of terrestrial ecosystems, vegetation significantly impacts the global flow of material and energy, biological diversity, and climate stability. It is the most sensitive indicator of global climate change (Shobairi et al., 2018; Zhan et al., 2021; Geng et al., 2022). Vegetation coverage is also influenced by terrain factors, for example, altitude affects vegetation growth due to changes in the effective accumulated temperature and soil moisture (Lamchin et al., 2018; Kalisa et al., 2019; Wang et al., 2020). Therefore, analysis of the influence of terrain factors on the spatial-temporal evolution of vegetation coverage is of great significance for evaluating regional environmental quality and maintaining balance in regional ecosystems (Przeździecki et al., 2017; Ranjbar et al., 2020).
To reflect the growth status of vegetation, fractional vegetation coverage (FVC) is an important parameter for describing terrestrial ecosystems. FVC is defined as the ratio of the vertical projection area of above ground vegetation organs (including leaves, stems, and branches) to the total vegetation area (Hilker et al., 2014; Sarfo et al., 2022). The measurement methods for FVC include ground surveys and remote sensing estimation. The latter is suitable for large-scale and long-term FVC assessments and has been widely used (Dardel et al., 2014; Chybicki and Łubniewski, 2017; Ranjan and Gorai, 2022). Vegetation indexes, such as normalized difference vegetation index ((NDVI) (Ivanov et al., 2008; Zhan et al., 2021) and enhanced vegetation index (EVI) (Zeng et al., 2022), are measure of surface reflectance that provides a quantitative estimation of vegetation growth. The NDVI has a good correlation with FVC and has been widely used for the assessment of vegetation dynamics at both regional and global scales (Huete, 2016; Liu et al., 2016; Xiong et al., 2021).
The Ganjiang River is one of the main tributaries of the Yangtze River. The upper reaches of the Ganjiang River Basin are water conservation areas and its ecological environment directly affects the economic development in the lower reaches of the Yangtze River Basin (Liu et al., 2021). Rare earth elements (REEs) are necessary components of many modern devices, such as electric vehicles, wind turbines, and intelligent electronic devices. As the soil in the upper reaches of the Ganjiang River Basin is highly rich in rare-earth resources, it has been exploited for REEs, leading to ecological and environmental problems, such as vegetation destruction, soil erosion, debris flow, and water pollution (Liu et al., 2020). Given the fragile ecosystem and climatic conditions, the ecosystem of the region is bound to be affected by terrain and human factors. The FVC can objectively reflect the overall condition of the regional ecological environment. Previous studies have analyzed the change in vegetation coverage and its correlation with geomorphological factors in the southern Jiangxi region (Li et al., 2014). However, existing research has not explored the influence of terrain factors on the spatial-temporal evolution of vegetation coverage.
Therefore, the present study was designed with the following objectives: 1) to qualitatively evaluate the spatiotemporal evolution of vegetation coverage in the upper reaches of the Ganjiang River Basin, China, and 2) to identify its relationship with terrain factors. The Terra Moderate Resolution Imaging Spectroradiometer (MODIS) Normalized Difference Vegetation Index (NDVI) data collected over the years 2000–2020 were used to calculate the FVC in different time periods, and future changes were predicted using the Hurst exponent. The relationship with terrain factors was examined using data on elevation slope and aspect with partial correlation analysis. As the complete exclusion of the effects of human activities is impossible, a partial discussion of this aspect was also included. This study will facilitate a deeper understanding of the interactions between the ecosystem and terrain in the Ganjiang River Basin.
2 STUDY AREA AND DATA SOURCE
The upper reaches of the Ganjiang River Basin are located in the south of Jiangxi Province, China, which span across 24°29′–27°09′N and 113°54′–116°38′E with an area of 30,277 km2 (Figure 1) (Liu et al., 2020). Several administrative districts, including the prefecture-level city of Ganzhou, are located in this basin. Several tributaries, including the Zhangjiang, Gongjiang, Meijiang, Pingjiang, Taojiang, and Shangyoujiang Rivers are present in this basin. The basin has a subtropical monsoonal climate, with a mean annual precipitation of 1,600 mm. Its topography is characterized by mountains and hills, with a gradual increase in elevation from the center to the perimeter. The soil types within the basin include red, yellow, and purple soils. The vegetation types are diverse as the basin is located on the southern edge of the mid-subtropical zone.
[image: Figure 1]FIGURE 1 | Location of the study area; MS and AB denote meteorological station and administrative boundary, respectively.
The MODIS vegetation index Version 6 data, MOD13Q1 product, is provided every 16 days at a 250 m spatial resolution as a gridded level-3 product in the sinusoidal projection. The data over the years 2000–2020 (totally 480 scenes) were downloaded from the website run by the NASA’s Goddard Space Flight Center (https://ladsweb.modaps.eosdis.nasa.gov/). MODIS NDVI products are computed from atmospherically corrected bidirectional surface reflectance that is masked for water, clouds, heavy aerosols, and cloud shadows (García et al., 2014). Consequently, they have been widely used in studies to assess changes in regional vegetation coverage. In addition, the data of digital elevation model (DEM), including the V3 version of the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global Digital Elevation Model (GDEM), were obtained from the Geospatial Data Cloud run by the Computer Network Information Center of the Chinese Academy of Sciences (http://www.gscloud.cn/) with a spatial resolution of 30 m.
3 METHODS
3.1 Data pre-processing
Data pre-processing mainly included the following steps: 1) the MODIS Reprojection Tool (MRT) was used to convert the format and projection of the downloaded MODIS NDVI data; 2) the Savitzky-Golay (S-G) filter was used to smooth MODIS NDVI data and eliminate the influence of noise (Savitzky and Golay, 1964); and 3) maximum value composite (MVC) was used to synthesize the maximum NDVI in an annual time series. As the annual maximum NDVI can reflect the vegetation coverage during the best vegetation growth period of a year and eliminate the influence of atmosphere, clouds, and solar altitude angle on remote sensing images, it was used to analyze the temporal and spatial variation in vegetation coverage in the current study.
In addition, the DEM data for the study area were obtained in the following procedures: first, the DEM data were mosaiced using ArcGIS; second, the mosaiced DEM data were resampled with a resolution of 250 m; finally, the DEM data for the study area were cut out along its boundary.
3.2 Estimation of vegetation coverage and its variation
The dimidiate pixel model is a simple and widely used one for the estimation of FVC using remote sensing data (Zhang et al., 2017). The model assumes that a pixel is composed of vegetation and non-vegetation components, and the FVC can be calculated using the following equation:
[image: image]
Where S is the spectral response of the remote sensing data, Sv and Ss are the spectral responses for pure vegetation and pure soil within the pixel, respectively.
There is a strong correlation between FVC and NDVI. Based on previous studies (Carlson and Ripley, 1997; Jing et al., 2011), an NDVI-based vegetation coverage estimation model was established. The calculation formula is as follows (Gutman and Ignatov, 1998):
[image: image]
Where NDVI represents the value of a mixed pixel, NDVImax represents the maximum NDVI value of a pure vegetation pixel, which is close to 1 in theory, and NDVImin represents the minimum NDVI value of pure non-vegetation pixels, which is close to 0 in theory.
Affected by meteorological factors, vegetation types, seasonal changes, and other factors, the NDVImax and NDVImin of different remote sensing images are different to some extent. The maximum and minimum values of NDVI within a certain confidence interval are generally used. Most researchers set the confidence interval to be 1–99% or 5–95% (Duo et al., 2016; Wei et al., 2017). Considering the actual situation in the study area, we chose a confidence interval of 1–99%. In addition, we divided FVC into five levels with reference to several previous studies, as shown in Table 1 (Li et al., 2014; Hao et al., 2020; Sun et al., 2020).
TABLE 1 | Classification of vegetation coverage grade in the study area.
[image: Table 1]The coefficient of variation (CV) represents the ratio of standard deviation to mean. It is a useful parameter for comparing the degree of variation from one data series to another, even if the means are significantly different among different data series. This index was used to assess FVC stability in the current study.
3.3 Trend analysis
Univariate linear regression analysis was adopted for the trend analysis to linearly fit the temporal variation trend of vegetation coverage in the upper reaches of the Ganjiang River Basin from 2000 to 2020. The calculation formula is as follows:
[image: image]
Where Slope is the slope of the univariate linear regression equation, indicating the trend in FVC evolution in the research time series; n is the total number of monitoring years; i is the serial number of monitoring years; and FVCi indicates the vegetation coverage of the ith year. Slope>0 indicates that the vegetation coverage in the study area shows an increasing trend; slope<0 indicates that the vegetation coverage shows a decreasing trend; and the slope around zero indicates that the changes in vegetation coverage are not obvious. In this study, trend in FVC evolution was divided into five grades (Huo and Sun, 2021; Fu et al., 2022), as shown in Table 2.
TABLE 2 | Classification of grade for the evolution trend of vegetation coverage in the study area.
[image: Table 2]3.4 CV exponent and hurst exponent analyses
The CV index can be used to reveal relative fluctuations in grid pixel values (Rey et al., 2016; Kalisa et al., 2019). If the CV index value is larger, the fluctuation in the vegetation coverage FVC pixel is greater and the FVC value is more unstable. In contrast, if the CV index value is smaller, the distribution of the time series data is more homogeneous, and the FVC is more stable. The calculation formula is as follows:
[image: image]
Where CV is the coefficient of variation of the grid pixel value, FVCi represents the maximum vegetation coverage in the ith year, and [image: image] is the average vegetation coverage of each grid unit in the study area from 2000 to 2020. The Hurst exponent is an effective measure for quantitatively describing the long-term memory of a time series (Zhang et al., 2019a). It was proposed by British hydrologist Harold Edwin Hurst (Hurst, 1951) and can be used to predict future changes in vegetation coverage. In this study, rescaled range (R/S) analysis, a method that can provide information on the maximum fluctuation of statistical parameters, was used to calculate the Hurst exponent of vegetation coverage changes. The basic principle is as follows (Caccia et al., 1997): The calculation of the mean of time series:
[image: image]
Calculation of the cumulative deviation:
[image: image]
Calculation of the range sequence:
[image: image]
Calculation of the standard deviation sequence:
[image: image]
Calculation of the Hurst exponent:
[image: image]
Where H is the Hurst exponent; FVC(t) is the time series, 1≤t≤ [image: image], and [image: image] is the length of the time series, [image: image] =1, 2, …, n; a is a constant.
The Hurst exponent varies between 0 and 1. It can be categorized into three types: 1) 0.5 <H<1, indicating that the sequence is persistent, and the future change trend is consistent with the past change trend. The closer the value of H is to 1, the stronger the persistence; 2) H = 0.5, indicating that the sequence is a random sequence, and the future change trend is independent of the past change trend; 3) 0<H<0.5, indicating that the sequence is an anti-persistent sequence, and the future change trend is opposite to the past change trend. The closer the value of H is to 0, the stronger the anti-persistence. H was used to assess the sustainability of FVC in this study.
3.5 Analysis of terrain factors
Based on the above calculations, the annual average spatial distribution and annual variation in vegetation coverage in the upper reaches of the Ganjiang River Basin can be obtained. In view of the altitude distribution in the upper reaches of the Ganjiang River Basin, the elevation of GDEM data was divided into five intervals: 68–250 m, 250–500 m, 500–750 m, 750–1,000 m, and 1,000–1,580 m. In addition, slopes of mountains and hills in the study area were analyzed using ArcGIS software based on the results of the second national land survey, and reclassified into five intervals: 0°–2°, 2°–6°, 6°–15°, 15°–25°, and ≥25° (Liu et al., 2018). According to the aspect model in DEM data, the aspects were also analyzed using ArcGIS software, and reclassified into nine types: flat land (FL), north slope (337.5°–22.5°), northeast slope (22.5°–67.5°), east slope (67.5°–112.5°), southeast slope (112.5°–157.5°), south slope (157.5°–202.5°), southwest slope (202.5°–247.5°), west slope (247.5°–292.5°), and northwest slope (29.5°–337.5°). The spatial distribution characteristics of elevation, slope, and aspect (Figure 2) in the upper reaches of the Ganjiang River Basin were obtained.
[image: Figure 2]FIGURE 2 | Spatial distribution characteristics of slope and aspect in the upper reaches of Ganjiang River Basin. FL, N, NE, E, SE, S, SW, W, and NW denote flat land, north slope, northeast slope, east slope, southeast slope, south slope, southwest slope, west slope, and northwest slope, respectively. (A) Distribution of slope (B) Distribution of aspect.
4 RESULTS AND DISCUSSION
4.1 Spatiotemporal variation of FVC

1) Temporal variation of FVC
The interannual variation in FVC in the upper reaches of the Ganjiang River Basin, China, over the years 2000–2020 is shown in Figure 3. The average annual FVC in the study area showed a fluctuating increasing trend (p <0.001), with a growth rate of 5%/10y. The lowest value of average annual FVC was 59.9% (i.e., 0.59) in 2000, and the highest value of average annual FVC was 70.9% in 2020. This is mainly due to the fact that Ganzhou City has implemented measures conducive for ecological improvement since 2000, such as restriction of mineral exploitation, afforestation, and reclamation of mined areas. The upper reaches of Ganjiang River Basin are 80% mountains, 10% water, and 5% fields, and the area of farmland is small. Owing to the undeveloped economy, most of the working population work away from home. The phenomenon of farmland abandonment was serious, which induced an increase in vegetation coverage.
2) Spatial distribution of FVC
[image: Figure 3]FIGURE 3 | Interannual variation of FVC in the upper reaches of Ganjiang River Basin, China during the years 2000–2020.
Figure 4 and Figure 5 show the spatial distribution and proportion of each vegetation coverage grade in the upper reaches of the Ganjiang River Basin from 2000 to 2020, respectively. The overall situation of vegetation coverage was good, mainly with high and higher vegetation coverage (FVC≥50%). The annual average vegetation coverage was 65.94% (Figure 3), with the proportion of low, lower, medium, higher, and high vegetation coverage of 0.9%, 2.5%, 12.3%, 38%, and 46.3%, respectively (Figure 5). The sum of the latter two grades of vegetation coverage was greater than 50%. This is because the upper reaches of the Ganjiang River Basin have a warm climate, abundant rainfall, and are rich in forest resources. In addition, the topographical characteristics of the study area are “high around, low in the middle with the west side higher than the east side”. Terrain characteristics limit the range of human activity. Areas with low vegetation coverage are mainly cities and towns where human activities are intensive, such as Zhanggong District, Ganxian District, Nankang District, Yudu County, Ningdu County, Xinfeng County, Xingguo County, Huichang County, Ruijin City, and Longnan County. The areas with high vegetation coverage are mainly located in the middle and low mountain areas where human activities are less, such as west of Chongyi County, west of Dayu County, northwest of Shangyou County, and Quannan County. The proportion of high vegetation coverage (FVC≥70%) in the upper reaches of Ganjiang River Basin showed a fluctuating increasing trend with time, with the lowest proportion of 35.9% in 2002 and the highest proportion of 59.3% in 2020. A detailed examination of Figure 4 and Figure 5 found that the growth of plants in the transition zone between high and higher vegetation coverages (68%≤FVC≤72%) varied in different years. This was due to the difference in weather and water conditions in different years, which resulted in the mutual conversion between the two grades of vegetation coverage, such as 2000 to 2003 in the northwest areas (Figures 4A–D) and 2012 to 2014 in the northeast areas (Figures 4M–4O). Consequently, this was also the reason for the observed fluctuations in the proportion of areas with high vegetation coverage. The high vegetation areas also extend to a certain degree in their surroundings. This was because of afforestation with the enforcement of environmental and ecological policies. In addition, the proportion of high vegetation coverage increased, reflecting the growth of afforested trees, such as in the central area, from 2013 to 2016 (Figures 4N–4Q). Since 2012, the proportion of the areas with high vegetation coverage turned to be more than 50%. In contrast, the proportion of areas with higher vegetation coverage, moderate vegetation coverage, and lower vegetation coverage showed a fluctuating decreasing trend. The decreasing degree were as follows: moderate vegetation coverage (from 19.8% in 2000 to 7.8% in 2020), higher vegetation cover (from 39.6% in 2000 to 29.1% in 2019), and lower vegetation cover (from 5.7% in 2000 to 1.8% in 2020). Owing to the undeveloped economy, the abandonment of farmland accelerated, and agricultural production activities decreased, which resulted in the transfer of some moderate vegetation coverage areas to higher or high vegetation coverage areas, such as in the central and southern parts of the basin from 2017 to 2020 (Figures 4R–4U). In contrast, the areas with low vegetation coverage showed a slight down trend, but the proportion was relatively stable, accounting for between 1.4% and 1.85%. Areas with low vegetation coverage mainly concentrate in places where human activities are intensive, and the land is mainly constructed land. It is not easy to change construction land to other land use types.
3) Trend in FVC evolution
[image: Figure 4]FIGURE 4 | Spatial distribution of annual vegetation coverage in the upper reaches of Ganjiang River Basin from 2000 to 2020. (A–U) are the annual vegetation coverage for the years from 2000 to 2020, respectively.
[image: Figure 5]FIGURE 5 | Evolution of the proportion of each vegetation coverage in the upper reaches of Ganjiang River Basin from 2000 to 2020.
To better analyze the spatiotemporal evolution characteristics of vegetation coverage in the upper reaches of the Ganjiang River Basin, the period from 2000 to 2020 was further divided into seven sub-periods: 2000–2002, 2003–2005, 2006–2008, 2009–2011, 2012–2014, 2015–2017, and 2018–2020, respectively. Figure 6 and Figure 7 show the spatial distribution and proportion of vegetation coverage change in the upper reaches of the Ganjiang River Basin from 2000 to 2020, respectively. Because of the need for urban construction in some counties and districts during 2000–2002 and 2003–2005, parts of the land with vegetation coverage were transformed into construction land, resulting in a decrease in vegetation coverage in different areas, especially during 2000–2002 (Figure 6). In the northeast of Yudu, vegetation coverage decreased from 2006 to 2008, started to increase from 2009 to 2011, and remained stable after 2011. This area is mainly a transitional zone between high and higher vegetation coverages, as shown in Figures 4G,I. Influenced by climatic conditions, this transition zone changed from high vegetation coverage to higher vegetation coverage during 2006–2008, but gradually changed back to high vegetation coverage after 2009. During 2009 to 2020, different areas showed different degrees of increase or decrease in different time periods. Overall, the changes remained stable, and there was a significant increase in vegetation coverage. The increase in vegetation coverage was mainly due to the return of farmland to forests and afforestation enforced by the environmental protection policies. The central and eastern parts of Zhanggong District were the most stable areas during 2009–2020 because urban construction had been done earlier. The construction land in the west part of the district had been gradually expanded since 2008. Consequently, the vegetation coverage first decreased and then stabilized at middle and low levels (Figure 4I, Figure 6C, Figure 7). The changes in vegetation coverage in the seven sub-periods between 2000 and 2020 were mainly insignificant, significant increase, and significant decrease, while those with extremely significant increases and decreases were relatively fewer (Figure 7). The changes in proportions at different time periods were different. The reasons were that the meteorological conditions, human activities, and related policies varied in different time periods, such as the construction of towns and central urban areas in the upper reaches of the Ganjiang River Basin from 2003 to 2005, accompanied by the transformation of part of the vegetation land to construction land. Vegetation coverage decreased, resulting in an increase in the proportion of significant decreases. Affected by the so-called “Lucid waters and lush mountains are invaluable assets” national movement for the promotion of ecological protection during 2015–2017, more attention was paid to the protection of ecological environment than before. The vegetation coverage increased, and the proportion of significant increase improved. From 2000 to 2020, the vegetation coverage in 98% of the total area of the upper reaches of Ganjiang River Basin did not change significantly. The proportion of significant increase only accounted for 1.52% (Figure 6), and was mainly distributed in the middle of Xinfeng County, the north of Gan County, the south of Xingguo County, and the west of Nankang District. Other counties and districts showed a sporadic distribution.
[image: Figure 6]FIGURE 6 | Evolution trend of changes in vegetation coverage in the upper reaches of Ganjiang River Basin from 2000 to 2020. (A–H) are for the sub-periods of 2000–2002, 2003–2003, 2006–2008, 2009–2011, 2012–2014, 2015–2017, 2018–2020, and 2000–2020, respectively. ESD, SD, NSC, SI, and ESI denote extremely significant decrease, significant decrease, non-significant change, significant increase, and extremely significant increase, respectively.
[image: Figure 7]FIGURE 7 | Proportion of vegetation coverage change in the upper reaches of Ganjiang River Basin in different time periods. ESD, SD, NSC, SI, and ESI denote extremely significant decrease, significant decrease, non-significant change, significant increase, and extremely significant increase, respectively.
In recent years, the coordinated development of the navel orange industry and ecological environment in Xinfeng County, restriction on exploitation of mineral resources, afforestation, and the implementation of land reclamation policies in mining areas in the northern part of Gan County, southern part of Xingguo County, and western part of Nankang County have contributed a lot to the protection of the ecological environment in these areas. The areas with significant decrease only accounted for 0.48%, which were mainly distributed in the eastern part of Nankang District, the central part of Zhanggong District, the central part of Ruijin City, and the periphery of each city. The transformation of vegetated land into construction land was the reason for the decrease in vegetation coverage.
Overall, the areas without significant changes accounted for more than 95% (Figure 6 and Figure 7). Areas with increased and decreased vegetation coverage occurred at different locations during different periods. The increase and decrease cancelled each other out on the long time scale. This was also verified by the area changes reflected by the Hurst index, as shown later, indicating consistency with this conclusion.
4) Stability and sustainability of FVC
The spatial distribution of the coefficient of variation (CV) of FVC in the upper reaches of the Ganjiang River Basin during the time period between 2000 and 2020 is shown in Figure 8A. CV represents the dispersion and fluctuation of the data distribution. The larger the CV, the more dispersed is the data distribution. The greater the fluctuation, the greater is the variation, and vice versa. In this study, the CV of FVC was divided into three grades (Li et al., 2021; Liu et al., 2022), as shown in Table 3. Vegetation coverage in the study area was relatively stable. The CV of FVC ranged from 2.56% to 98.83%, with an average of 14.8%. The areas with stable FVC (CV less than 15%) accounted for 63.47% of the total area of the study, mainly distributed in the surrounding mountains. Fewer human activities in mountainous areas were conducive to vegetation growth; thus, the change in FVC in mountainous areas was small. The areas with unstable FVC (CV between 15% and 40%) accounted for 34.51%, mainly including the south of Nankang District, the middle of Xinfeng County, the north of Yudu County, and the south of Xingguo County. The areas with extremely unstable FVC (CV higher than 40%) accounted for 2.02%, including the middle of Xinfeng County, the middle of Nankang District, the middle of Yudu County, the south of Xingguo County, and the middle of Ruijin City. In recent years, Xinfeng County has focused on the coordinated development of the navel orange industry and strengthened the protection of the ecological environment, so the changes in FVC in this area were dramatic. The drastic changes in FVC in the middle of the Nankang District and Ruijin City were due to urban expansion. Drastic changes in FVC in the middle of Yudu County and south of Xingguo County were induced by the implementation of afforestation and land reclamation in mined areas.
[image: Figure 8]FIGURE 8 | Spatial distribution of coefficient of variation (CV) and Hurst exponent of FVC in the upper reaches of Ganjiang River Basin during 2000–2020. (A) Distribution of CV (B) Distribution of Hurst exponent.
TABLE 3 | Stability associated with changes in vegetation coverage in the upper reaches of ganjiang river basin during 2000–2020.
[image: Table 3]The spatial distribution of the Hurst exponent of FVC in the upper reaches of the Ganjiang River Basin from 2000 to 2020 is shown in Figure 8B. The average Hurst exponent of FVC in the study area was 0.46. The pixels with Hurst exponents less than 0.5 accounted for 66.38% and those with Hurst exponents greater than 0.5 accounted for 33.62%. The anti-sustainability of vegetation coverage change in the study area was stronger than that of sustainability, indicating that the FVC in the upper reaches of the Ganjiang River Basin would decrease in the future. The pixels showing strong anti-sustainability accounted for 11.1% of the study area and those with weak anti-sustainability accounted for 55.28%. The pixels showing strong sustainability accounted for 30.78% of the study area and those with weak sustainability accounted for 2.84% (Table 4). The vegetation coverage change in the study area was dominated by weak anti-sustainability, indicating that the FVC in the upper reaches of the Ganjiang River Basin will decrease slightly in the future. This was consistent with the results reported (Liu et al., 2021).
TABLE 4 | Sustainability associated with changes in vegetation coverage in the upper reaches of ganjiang river basin during 2000–2020.
[image: Table 4]4.2 Response of FVC to terrain

1) Distribution of vegetation coverage with altitude
The vegetation coverage in the upper reaches of the Ganjiang River Basin increased continuously with increasing altitude (Figure 9). The vegetation coverage in the elevation zone of 68–250 m was the lowest, with an average of 54.09%. The zone with highest vegetation coverage was 750–1,000 m, with an average of 83.54%. In addition, the annual average vegetation coverage in different elevation zones showed a fluctuating increase; the elevation zones with obvious fluctuating growth were 68–250 m and 250–500 m. However, there was a trough in the average vegetation coverage in the 500–1,580 m elevation zone from 2006 to 2008, which was less disturbed by human beings. Meteorological factors, such as increase in air temperature, decrease in precipitation, and enhanced evaporation, were thought to be the reasons that led to less water for plants, and were not conducive to the improvement of vegetation coverage. The increase in vegetation coverage above 250 m indicated that human activities mainly concentrated in the areas below 250 m. Both vegetation coverage and rate of increase of vegetation increased without human disturbance.
[image: Figure 9]FIGURE 9 | Evolution characteristics of vegetation coverage with increase in altitude in the upper reaches of Ganjiang River Basin from 2000 to 2020.
In general, altitude affects local weather and water conditions, which consequently affect vegetation growth. Weather and water conditions in low-altitude areas are better and more suitable for plant growth, and therefore, the vegetation coverage should be relatively higher in low-altitude than in high-altitude areas. However, disturbance from human activities in low-altitude areas leads to a sharp decrease in vegetation coverage, mainly due to the transformation of vegetated land to construction land. The average vegetation coverage of the elevation zones: 500–750 m, 750–1,000 m, and 1,000–1,580 m was more than 80%, and the degree of variation becomes smaller with the increase in altitude. The highest altitude in the upper reaches of the Ganjiang River Basin is 1,580 m. A height greater than 1,000 m restricts plant growth, and the vegetation coverage above that tends to remain unchanged. The weather and water conditions in the elevation zone of 1,000–1,580 m were not favorable for vegetation growth compared to those in the elevation zone of 750–1,000 m. Therefore, the vegetation coverage in the elevation zone of 1,000–1,580 m was lower than that in the elevation zone of 750–1,000 m. With increasing altitude, vegetation coverage tends to remain stable. This phenomenon is similar to that reported for the Hanjiang River Basin (Liu et al., 2018).
2) Distribution of vegetation coverage with slope
Vegetation coverage in the upper reaches of the Ganjiang River Basin increased as the slope increased (Figure 10). The lowest vegetation coverage was located in the slope zone of 0°–2°, with an average of 50.19%. The highest vegetation coverage was located in a slope zone greater than 25°. This is because a gentle slope zone is suitable and convenient for human activities such as industrial and agricultural production. Most people in the Ganjiang River Basin live in a slope zone of 0°–2°, where cities and towns are located. Less natural vegetation is distributed in this slope zone, resulting in lower vegetation coverage. The slope zone of 2°–6° is a transition zone between the industrial and agricultural production lands, resulting in relatively higher vegetation coverage compared with that in the slope zone of 0°–2°. The vegetation coverage in the slope zone of 6°–15° was higher than that in the slope zone of 2°–6°, because the original woodlands in this slope zone were easier to be reclaimed as terraced fields for agricultural production.
[image: Figure 10]FIGURE 10 | Variation characteristics of vegetation coverage with increase in slope degree in the upper reaches of Ganjiang River Basin from 2000 to 2020.
In general, the steeper the slope, the lower the accumulated temperature and precipitation, the worse the water retention capacity of the soil, and the worse the weather and water conditions for vegetation growth. Vegetation coverage should decrease with an increase in the slope degree. However, the areas with highest vegetation coverage in this study were identified in the areas with slopes greater than 25°. This is because local human production activities were greatly reduced owing to topographical and traffic restrictions with the increase in slope degree. Vegetation growth in areas with steeper slopes was mainly affected by natural conditions, with less interference from human activities. The changed trend of vegetation coverage returned to normal and showed an increasing trend. This finding is similar to that of a study on the upper Minjiang River Basin (Zhang et al., 2018). The difference was that the maximum slope in the study area was only 40°, and that in the upper Minjiang River Basin was more than 55°. The areas with the maximum vegetation coverage were in the zones with slope degrees between 25° and 45°. A similar phenomenon was also found in other basins, such as the Guandu River basin reported (Chen et al., 2019). Both the elevation and slopes in this study area are relatively small compared with those in the other basins.
3) Distribution of vegetation coverage with aspect
Overall, there was no significant difference among the distributions of average vegetation coverage in the different aspects in the upper reaches of the Ganjiang River Basin (Figure 11). This is because the terrain in the study area is not rugged enough to form barriers against hydrothermal cycle. The average vegetation coverage in the upper reaches of the Ganjiang River Basin was in the following order: vegetation coverage of north slope > northwest slope > northeast slope > west slope > southwest slope > east slope > south slope > southeast slope > flat land (Table 5 and Table 6). Aspects with higher average vegetation coverage, such as the north and northwest slopes, are shady slopes, while the aspects with low average vegetation coverage, such as the east, south, and southeast slopes, are commonly known as sunny slopes. Although the upper reaches of the Ganjiang River Basin have a subtropical monsoon climate with abundant precipitation, long-term solar radiation leads to excessive water evaporation from plants and soils, resulting in fewer water conditions and growth retardation. The plants on shady slopes received less solar radiation than those on sunny slopes leading to low evaporation, retaining a certain amount of water for plant growth. Therefore, the plant growth conditions on shady slopes were slightly better than those on sunny slopes in the study area. It also reported that evaporation in the hilly regions of South China was negatively correlated with relative humidity and positively correlated with temperature and percentage of sunshine (Liu et al., 2019). Receiving too much solar radiation not only inhibits the photosynthetic efficiency of plants but also accelerates the evaporation of surface water. In contrast, the average vegetation coverage of flat land was significantly smaller than that of mountains and hills, mainly due to interference from human activities.
[image: Figure 11]FIGURE 11 | Distribution characteristics of vegetation coverage with aspect in the upper reaches of Ganjiang River Basin from 2000 to 2020. FL, N, NE, E, SE, S, SW, W, and NW denote flat land, north slope, northeast slope, east slope, southeast slope, south slope, southwest slope, west slope, and northwest slope, respectively.
TABLE 5 | Linear regression between the vegetation coverage and aspect in the upper reaches of ganjiang river basin from 2000 to 2020.
[image: Table 5]TABLE 6 | Average vegetation coverage in each aspect in the upper reaches of ganjiang river basin from 2000 to 2020.
[image: Table 6]Human activities play an important role in vegetation growth, which can have positive or negative impacts on surface vegetation coverage through indirect impact or direct transformation. For example, afforestation, deforestation, urbanization development, engineering construction and ecological recovery will inhibit or promote the growth of vegetation, cause dramatic changes in surface vegetation in a short period of time, and play a key role in ecosystem restoration and healthy development (Zhang et al., 2019b). In the past 20 years, the accumulated afforestation area in the upper reaches of Ganjiang River is about 0.5 million hectares, which has improved the vegetation coverage to a certain degree; On the other hand, with the continual expansion of the economic specification, the urbanization rate of the upper reaches of the Ganjiang River has increased from 37.53% in 2010 to 55.31% in 2020, the growth rate has reached 47.37% (Liu, 2021). At the same time, the decline of forest ecological function, the intensification of water and soil loss, the general increase of population density and the mining of rare earth minerals have led to the degeneration of the surface vegetation in some areas in varying degrees. In recent years, in order to improve the living quality of residents, the local government has carried out greening construction and ecological livelihood projects actively, the surface vegetation coverage has improved greatly. Therefore, the concept of “green” and “coordination” in high-quality development is vital to the protection of the ecological environment.
4.3 Discussion
This study analyzed the spatiotemporal evolution of vegetation coverage and its relationships with terrain and human factors in the upper reaches of the Ganjiang River Basin, China. The FVC showed a fluctuating increasing trend, and also human activities have different impacts on vegetation coverage under different terrain conditions. Consistent with the achievements of previous studies (Liu et al., 2021; Fu et al., 2022; Tian and Wang, 2022), the ecological environment of the Ganjiang River basin is generally showing a good trend, and at the same time, the basin is subject to some human impact.
However, there are still other factors, such as climate factors, which influence vegetation dynamics that have not been considered. Therefore, quantifying the contributions of various factors and determining the main influencing factors should be the focus of future research. In addition, this study did not use multisource NDVI data for mutual verification. The resolution and quality of the different NDVI data varied. This also affected the results associated with the estimation of vegetation coverage. Further studies considering such factors are ongoing for a deeper understanding of the interrelationships among the ecological environment, climate factors, terrain factors, and human activities in the study area.
Taking the upper reaches of Ganjiang River of long-term sequence research, this study not only enriches the research content of dynamic and rapid monitoring of the change process of ecological environment quality, but also provides reference for rapid assessment of ecological environment quality and construction of ecological environment quality model to analyze the main driving forces. The methods and models adopted in this paper are also applicable in the Yellow River Basin, the Manas River Basin and other watersheds (Liu et al., 2018; Zhang et al., 2019b). Considering the time step of research and analysis is relatively long, the subtle changes among years being ignored, future study will integrating other higher resolution data sources to optimize the evaluation index of ecological environment quality in order to analyze the evolution characteristics of ecological environment quality accurately.
5 CONCLUSION
Based on MODIS NDVI and DEM data collected for the upper reaches of the Ganjiang River Basin, this study used trend analysis, coefficient of variation, Hurst index, and linear regression to analyze the temporal and spatial evolution of vegetation coverage and its relationships with terrain factors in the upper reaches of the Ganjiang River Basin, China during the years 2000–2020. The major conclusions drawn from this study are as follows.
1) The FVC showed a fluctuating increasing trend (P<0.001), with an increase rate of 5%/10y. Spatially, the vegetation coverage was dominated by high vegetation coverage in the study area, showing a low-value distribution in the middle and high-value distribution in the surroundings. Themultiyear average FVC was 65.94%. The areas with significant increase and significant decrease accounted for 1.52% and 0.48% respectively, while those with insignificant changes accounted for 98%.
2) The vegetation coverage was relatively stable in the study area, with an average CV of 14.8%. The FVC showed large changes in the middle of Xinfeng County, middle of Nankang District, middle of Yudu County, south of Xingguo County, and middle of Ruijin City, followed by that in the south of Nankang District, middle of Xinfeng County, north of Yudu County, and south of Xingguo County. The surrounding mountains with high altitudes exhibited the smallest changes in the FVC. Hurst analysis showed that the anti-sustainability effect of vegetation change was stronger than that of sustainability, and weak anti-sustainability was dominant. The average Hurst exponent was 0.46.
3) Vegetation coverage in the upper reaches of the Ganjiang River Basin showed an increasing trend with increasing elevation. The maximum vegetation coverage was identified in the elevation zone of 750–1,000 m, with an average of 83.54%. Vegetation coverage also showed an increasing trend with increasing slope. The maximum vegetation coverage was up to 82.22% in the slope zone of ≥25°. There were no significant differences among the distributions of vegetation coverage in different aspects. Overall, the vegetation coverage of flat land was the lowest with a percentage of 43.87, and the maximum was that of the north slope (68.21%). The vegetation coverage on shady slopes was better than that on sunny slopes.
Therefore, under good terrain conditions such as low altitude, gentle slope and aspect with sufficient water and heat conditions, the vegetation coverage is higher. And the differences in topographic factors in the background of the watershed lead to both common and unique characteristics of vegetation differentiation. In addition, terrain conditions affect the range and intensity of human activities, which in turn affects the long-term evolution trend of vegetation cover.
In the context of the background of carbon peaking and carbon neutrality goals, the upper reaches of the Ganjiang River should maintain a good ecosystem, continue to protect the ecological environment of the basin, and build a watershed ecological security pattern. And it is necessary to balance resource development and ecological protection, develop in protection, and protect in development, so as to realize the coordination of economic development and ecological protection in the basin.
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Natural disasters such as debris flow caused by earthquakes seriously threaten the local infrastructure and economy, as well as the lives of people in the area. As the material source of debris flow, it has significance to accurately and effectively study the underground structure of the landslide to prevent debris flow disasters. A landslide has a complex structural system, and its underground characteristics play an important role in its stability. The early identification of fracture surfaces and unstable bodies, and assessment of potential hazards are essential for prevention and protection. The research object of this paper is a landslide that occurred in Yige Village, Xianshui Town, Daofu County, which is on the Xianshui River Earthquake Zone, an area subject to frequent earthquakes. In western Sichuan, the frequent occurrence of landslides has caused considerable economic losses. Developing methods for efficient and accurate risk assessment is a top priority. The Daofu landslide is a typical example of a landslide directly threatening the road below and forming a debris flow channel. The lithology is composed of Jurassic sedimentary rocks, such as marl and clay, covered by limestone. In this study, we combined traditional methods (drilling and field investigation) with two geophysical techniques, multichannel analysis of surface waves (MASW) and electrical resistivity tomography (ERT) to effectively determine the electrical characteristics, velocity characteristics and spatial structure of the landslide. It is found that the buried depth of the sliding surface of the landslide is about 16–20 m. The sliding body above the sliding surface forms a low velocity and low resistivity Quaternary cover. The rock mass below the sliding surface is Triassic Zhuwo Formation sandstone and slate with high velocity and high resistivity. According to comprehensive analysis, the landslide lacks sufficient stability under rainstorm. Our study shows that the use of MASW and ERT can quickly and effectively characterize the subsurface of landslides to assess landslide risk and prevent debris flow hazards.
Keywords: ERT, MASW, landslide, subsurface structure, integrated geophysics
1 INTRODUCTION
Daofu county, where this study was conducted, is located in the western of Sichuan Province and lies on the Xianshui River Earthquake Zone (Allen et al., 1991). Historically, this seismic zone has been characterized by frequent seismic activity, large magnitude and strong intensity of damage, which is the highest in Sichuan (Papadimitriou et al., 2004).
Landslide is one of the most common geological disasters in nature, and it is also one of the most dangerous natural phenomena (Petley and D., 2012). In a landslide, the soil or rock mass on a slope slides down as a whole or in a way along a certain weak surface or zone, affected by river scouring, rainwater soaking, groundwater movement, earthquake, or artificial slope cutting (Mekonnen et al.; Allen, 2017; Wang et al., 2022). Debris flow caused by landslide remains one of the greatest threats to the lives, properties, and infrastructure of residents during or following an earthquake. Landslides occur frequently in western Sichuan, examples include the Jiagu landslide in 2006 (Yin et al., 2010), the No. 2 landslide of the Sichuan Tibet Highway 102 landslide group in 2002 (Li et al., 2003), and the Qingning landslide in 2008 (Hu et al., 2008). It is a time and resource consuming task to thoroughly investigate them and fully prevent debris flow disasters before they occur. The estimation of landslide stability must consider the three-dimensional shape of the unstable body, especially the possible location of the slip surface associated with it (Yueping et al., 2013). Consequently, it is necessary and urgent to formulate and implement actions to accurately and quickly identify the underground characteristics of natural slopes.
When investigate landslide hazards, the distribution characteristics of the sliding surface, landslide zone, and geological stratification must be determined (Liu et al., 2022). The means of landslide identification and monitoring are extremely rich. In terms of exploration methods in geological engineering and geological disaster prevention, traditional geophysical prospecting methods, such as drilling and geological survey, have some shortcomings, such as high cost, insufficient information acquisition, and low efficiency (McCann and Forster, 1990). Geophysical exploration is an indirect observation method that uses the properties for known ore rock specimens, according to an established relationship (mathematical, physical model) and the principle of the corresponding method, to explain the parameter values observed in the field, and then the final results (physical parameters information of the corresponding profiles after inversion) are sufficient to illustrate the information on the subsurface structure of the exploration site. In recent years, the application of geophysics for landslide studies has widely increased, especially for near-surface exploration of landslide areas marked by a complex geological setting (Popescu et al., 2016).
Due to complex and changeable ground conditions and the influence of the working climate, the efficiency and results of different geophysical methods may significantly vary (Hussain et al., 2019; Qiu et al., 2022). A single geophysical exploration method usually only analyzes one kind of physical characteristic of the target medium, and the results of interpretation often have many solutions and other limitations (Cardarelli et al., 2013). Therefore, we use two geophysical methods to fully obtain the subsurface information of the landslide, and also to overcome the limitation of single method results interpretation, which can improve the efficiency of the work and the accuracy of the results (Schrott and Sass, 2008; Cardarelli et al., 2013).
In recent years, using comprehensive exploration geophysical methods to carry out geological exploration has gradually become the norm (Bedair et al., 2021). The two geophysical methods used in this paper are multichannel analysis of surface waves (MASW) and electrical resistivity tomography (ERT), both have proved to be the efficient methods for landslide research among all geophysical methods, (Loke et al., 2015; Khalil et al., 2017; Marciniak et al., 2021). We use a combination of these two methods because a single geophysical method is non-unique in the interpretation of the results, which limit us to make accurate judgments about the subsurface structural information obtained from the inversion, MASW is a good match for ERT in terms of detection depth, and the combination of their inversion results can provide more complete information to the subsurface structural of the landslide. To some extent, this can eliminate the impact of multiple solutions of a single geophysical method.
Many seismic methods have been proposed for near-surface characterization and measurement of shear wave velocity, using various test configurations, processing techniques, and inversion algorithms. The most widely used technologies are spectral analysis of surface waves (SASW) and multichannel analysis of surface waves (MASW). The MASW used in this paper is widely used due to its easy generation, detection (recording), and processing, as well as its effectiveness and reliability. This technology uses the propagation of surface waves (mainly Rayleigh) and is, therefore, based on the Rayleigh wave dispersion principle.
ERT has been widely used in various landslide studies under different geological environments (Dahlin, 2001; Jongmans and Garambois, 2007), it responds to changes in resistivity and is used to determine the distribution of resistivity of subsurface media. The resistivity of the subsurface medium varies over a wide range and the electrical conductivity of the medium is influenced by various factors such as mineral composition, soil porosity and water content, etc. ERT has the ability to efficiently respond to differences in the electrical conductivity of the medium (Colangelo et al., 2008; Falae et al., 2019; Wang et al., 2021).
The advantages of geophysical methods can almost entirely compensate for the disadvantages of conventional geotechnical engineering (Al-Heety et al., 2021). The joint application of MASW and ERT can solve the problems encountered in most shallow geophysical explorations. Specifically, MASW provides more useful shallow layer information, while ERT is more suitable for medium-thick layers (Rahimi et al., 2018). Therefore, the combination of the two methods is considered to be a valuable tool for pre-evaluating high-risk slip areas. However, more verification of the accuracy and applicability of this combined approach is required when detecting landslides. Therefore, in this study, based on using a combination of MASW and ERT to distinguish the underground structure of a clay slope, geological drilling was also conducted on five survey lines at the same time. Through the verification and calibration of borehole data and on-site observation, unstable bodies and potential slip surfaces can be fully inferred, which ensures the scientific basis and accuracy of the exploration results of the two geophysical methods.
The aim of this paper is to demonstrate the utility of the combination of geophysical methods (MASW and ERT) to characterize the subsoil media and potential risk areas for landslides in Daofu County. By analyzing the media and geophysical inversion below the surface and investigating the bedrock structures near the surface, such as cavities, soft soil, and weak zones, we can infer the possible location of the sliding surface, which can then make preparations for the prevention and control of debris flow disasters.
2 RESEARCH BACKGROUND
2.1 Study area
The landslide under study is in Yige village, Xianshui Town, Daofu county (Figure 1B). The geographical coordinates of the landslide are 101° 07′ 52″–101° 08′10″E and 31° 00′ 00”–31° 01′ 10″ N (Figure 1A). The landslide location is in the north of Daofu County, about 5 km away from city proper, it is an accumulation slope with a gradient of 40–60°, an elevation of 3,110–4000 m, and a relative elevation difference of about 900 m. At the foot of the slope is County Road 179 (Daofu county to Malkang, Figure 1C), which is also the direct threat of the landslide. The exploration area is located at the foot of the middle and low mountain formed due to tectonic erosion, with convenient transportation. A total of five ERT survey lines, one MASW survey lines, and six geological boreholes were made (Figure 1C).
[image: Figure 1]FIGURE 1 | (A)Map of China, Location of Sichuan Province(B)Elevation topographic map of Sichuan Province and location of study area, the red five pointed star is the location of the study area(C)Aerial photo of the study area, survey line layout and borehole location.
Daofu County belongs to the subtropical humid climate zone of the Qinghai Tibet Plateau, with a plateau valley cold temperate climate. Winters are cold, summers are mild, sunshine is sufficient, the frost-free period is short, the temperature difference between day and night is large, and the dry and wet seasons are distinct. According to the statistical data from Daofu County Meteorological Station from 1957 to 2007, the rainy season in Daofu County generally lasts from the first 10 days of June to the last 10 days of September, with an average annual precipitation of 458.6 mm, accounting for 74.2% of the annual total. The highest precipitation occurs in July, followed by August and October. The dry season generally lasts from the last 10 days of October to the last 10 days of March of the following year, with precipitation of only 21.3 mm, accounting for only 3.4% of the annual total. The maximum rainfall in 24 h is 49.7 mm,14.00 mm in 1 h, and 11.9 mm in 10 min. All these values exceed the critical rainfall values for forming debris flow and causing landslides.
Affected by the relative position relationship between landslide and Daofu County. When landslide occurs, it will directly threaten County Road 179 below the toe of the slope, and the landslide will wash into the ditch under the action of rain, causing the blockage of the debris flow ditch in the Daofu Valley, which can lead to the formation of a barrier lake that will seriously threaten the safety of the lives and property of the residents of Daofu County and various government agencies based at the gully mouth.
2.2 Stratum lithology in the study area
In order to better have the geological information of the study area, we made a detailed geological survey and six geological boreholes. According to geological drilling and geological survey results, the exposed strata in the survey area are mainly the Quaternary Holocene colluvium and slope deposit (Q4cl+dl), landslide accumulation (Q4del), alluvial proluvial (Q3apl)strata of the Cenozoic, and the upper triassic Zhuwo formation (T3zh), as follows:
2.2.1 Quaternary system (Q4)

1) Holocene landslide deposit (Q4del): mainly distributed on the landslide mass. It is mostly composed of angular rock fragments in clay and loam, with a loose structure.
2) Holocene colluvium and diluvium (Q4cl+dl): mainly distributed on the hillsides on both sides of the valley. It is mostly composed of angular rock fragments contained in clay and loam, generally loose ∼ slightly dense, and the accumulation thickness is large around Daofu county.
3) Pleistocene alluvium (Q3apl): distributed on the high-level platform on both sides of the river, it is composed of yellowish-gray clay, loam, coarse sand, gravelly sand, gravelly soil, pebble soil, and boulder soil, containing calcareous nodules and calcareous semi cementation. It has an obvious binary structure. The lithology is generally miscellaneous, with good compactness, and is generally slightly dense to medium dense.
2.2.2 Upper Triassic Zhuwo Formation (T3zh)
It is gray to dark gray, thin, medium to thick, with a few massive fine-grained meta feldspathic quartz sandstones, meta lithic sandstones, meta fine sandstones, siltstones, locally meta tuffaceous sandstones, tuffs of this layer, and dark gray silty slate, spotted sericite slate, phyllite slate (or phyllite), dark gray to black-gray carbonaceous phyllite (or slate) are produced in an unequal thickness distribution. Sandstone and slate are interbedded, the attitude of the rock stratum is 55°∠ 45°, and the thickness ratio of the upper sandstone and slate is about 5:3; the middle part is of rhythmic interbedding with unequal thickness, which is often mixed with 1–2 layers of thick massive metasandstone with a thickness of tens of meters. The thickness ratio of sandstone to slate is about 1:1; there are more sandstones in the lower part, and sandstone and slate are produced in unequal thickness interbedding, with a thickness ratio of sandstone to slate of about 4:1.
2.3 Sample soil parameters
During the drilling activity, soil and rock samples from six boreholes were carefully collected and transported to the laboratory for measurement of their basic physical properties and mechanical parameters. According to this survey, six undisturbed samples (undisturbed soil samples) were collected by the static pressing method using a thin-walled soil sampler in the borehole. All samples were sealed with wax on-site, packed in special shockproof wooden boxes, and sent immediately to the Geotechnical Test Center. The accuracy of the test data met the requirements of this study. The specific parameters were comprehensively determined by laboratory tests of the rock and soil samples taken from the boreholes, empirical analogy, and the parameter inversion method, Table 1 and Table 2 show the physical and mechanical properties of soil samples obtained in the experiment.
TABLE 1 | Statistical table of soil mechanical parameters in landslide area.
[image: Table 1]TABLE 2 | Statistical table of physical and mechanical parameters of landslide area.
[image: Table 2]As the original crushed stone composition in the soil mass is removed before the mechanical properties of the sliding zone soil are measured, the experimental data is different from the local empirical data and only serves as a reference in terms of a comprehensive value. Based on the geological drilling data, the mechanical parameters of the soil in the landslide area are calculated, and the corresponding geotechnical engineering soil mechanical information is obtained. The data in Table 1 can help us calculate the shear strength of the soil (Sharma and Bora, 2003; Tang et al., 2010), the data in Table 2 directly provides three proportional indicators of the sample soil (Jabro, 1992). Finally, combined with soil sample data,CD-test (consolidation drained test) is conducted, and the results provide strong material support for geophysical inversion interpretation. The above materials and experimental results were combined to conclude that the specimen soil is susceptible to shear failure under saturated conditions. This conclusion indicates that the landslide body in the study area has low shear strength and poor stability under heavy rainfall conditions.
3 METHODOLOGY AND DATA
3.1 Methodology
Combining MASW and ERT surveys with geological drilling samples, we identified and studied the underground characteristics of landslides, especially the profiles of potentially unstable bodies and potential sliding surfaces, which are initially assumed to be fault or joint planes, and the interfaces between highly fractured rocks of topsoil or complete bedrock (Duc, 2013).
MASW method is a geophysical method to derive the velocity profile of underground shear wave based on the dispersion characteristics of Rayleigh wave in layered media. Rayleigh waves are surface waves that propagate along a free surface, such as a solid-air or solid-water interface. Relatively low velocity, low frequency and high amplitude are the characteristics of Rayleigh wave (Largo et al., 2021). It is the result of interference P-wave and SV-wave, corresponding to the vertical component and radial component of surface wave respectively. The amplitude of this wave motion decreases exponentially with depth and is confined to a vertical plane consistent with the wave propagation direction (Xia et al., 2004). The propagation velocity of surface wave is related to frequency, which is called dispersion (Park et al., 1999). Put it another way: assuming that the vertical velocity changes, surface wave has a different propagation velocity on each unique frequency component (Foti, 2005). The principle states that if there is a low-velocity capping layer or a layered medium on the surface, the Rayleigh wave will have a distinct “dispersion” characteristic, i.e., the different frequency harmonic components of the Rayleigh wave will propagate at different speeds. Through an effective inversion process, the dispersion curve can be inverted to obtain the one-dimensional (depth) shear wave velocity (Vs.) profile of the surveyed site and the final pseudo-two-dimensional section can then be obtained by combining multiple one-dimensional profiles (Zhang et al., 2004; Bensen et al., 2007; Ritzwoller et al., 2008). Compared to other geophysical methods, MASW has been proved to be a more effective method to reveal the nature of shallow underground (Anbazhagan and Sitharam, 2008).
ERT method is to use conventional resistivity measurement methods and high and new technologies such as resistivity imaging (C-T) to conduct high resolution and high efficiency electrical exploration (Huntley et al., 2019). It is performed by applying a constant current to the ground through two current electrodes and measuring the voltage difference generated across the two electrodes. From the current and voltage values, an apparent resistivity value is calculated. The basic principle is to study the distribution law of conductive current of geological body in underground half space under the action of external electric field based on the difference of conductivity of underground medium (Auken et al., 2006; Tsai et al., 2021). The features are high horizontal resolution and vertical resolution. The electrodes are laid at one time, reducing the faults and interference caused by electrode setting; At the same time, more abundant geological information about geoelectric section can be obtained (Abdullah et al., 2018). The main drawback of the ERT method is the extensive overlap of the subsurface resistivity ranges of different geological units. For example, the resistivity of chalk loam is 30–100 Ω, mudstone is 105 Ω, and limestone is 100–105 Ω. The resistivity depends to a large extent on the porosity and water content (Sass et al., 2008).
3.2 Data acquisition
To investigate the underground structure and obtain the input data of the Daofu landslide, we completed a total five ERT (L1 to L5) and one MASW survey lines of measurement in June 2022. As seismic methods use the same lens collection method, multiple geophysical methods aimed at collecting datasets are cost-effective. These survey lines cover the landslide area so that the landslide mass is in the middle of them. MASW survey line is located in the middle of landslide (Figure 1C, yellow line).
The technical parameters adopted for ERT method detection are as follows: the electrodes are arranged in a Wenner device, the electrode spacing is 5m, the minimum isolation coefficient Nmin=1, the maximum isolation coefficient Nmax=19, the power supply time is 2s, the number of electrodes is 60, and the maximum detection depth is about 40 m. In this structure, the divergence between current electrode pairs (AB) is the same as that between potential electrode pairs (MN), and is usually an integral multiple. Wenner structure is very sensitive to the horizontal changes and resistivity changes between each dipole and electrode, so it can well plot vertical structures such as cavities. To obtain a dense dataset, so the geophone and electrode spacing was set to 5 m. This electrode spacing is ideal because it allows the use of gradient arrays for surveys up to 40 m deep. In the Daofu country landslide, the two-dimensional mapping of the multi-electrode resistivity method was carried out by applying a constant current to the ground through two current electrodes and measuring the voltage difference between the two electrodes.
The device used in the MASW study was an SWS-5 multi-wave train digital image engineering exploration and engineering detection device. This is a high-performance and multi-functional geotechnical engineering investigation and detection device. An active artificial source multichannel transient surface wave survey was adopted for this study, with an offset and track spacing of 5 m. It is symmetrically arranged with the test point as the center, and 24 channel geophone receiving mode is selected. The frequency of the detector is 40Hz, the sampling interval time is 0.5 ms, and the recording length is 1.5s.
3.3 Data processing
Code and algorithms within the RES2DINV software package developed by Aarhus GeoSoftware (Denmark) were used to invert the resistivity datasets on all profiles collected. By eliminating bad data points, terrain positioning, root mean square convergence constraints, least squares inversion, and robust smoothing constraints, two-dimensional resistivity images were obtained (Loke, 1996). The inherent error (RMS) of the two-dimensional inversion model ranged from 4.3% to 8.3%, and the results were good and reliable. However, it was found that as the surface soil of the landslide at the research site is dry and loose, this led to poor contact of some electrodes, resulting in noisy data in some areas and high error, but this did not seriously affect the data interpretation.
MASW data processing uses the frequency velocity (F-P) method was used to calculate the anti-dispersion curve to determine the variation of shear wave velocity profile with depth (Grandjean et al., 2011; Lima Júnior et al., 2012). After assembling multiple 1D pseudo-profiles, the final shear wave velocity-depth two-dimensional pseudo-profile is obtained.
4 RESULTS AND DISCUSSION
4.1 Interpretation of ERT inversion results
Figures 2–6 show the underground information obtained from the ERT profiles, corresponding to the five measuring lines L1, L2, L3, L4, and L5, respectively. Besides, the location, depth and lithology information of borehole ZK01-06 are also marked in the figure. The deepest measurement depth of the borehole is about 30 m underground.
[image: Figure 2]FIGURE 2 | Inversion results of L1 survey line.
The electrical structure model of each section obtained in this study can provide the corresponding formation lithology information, and also reveal the morphological characteristics of geoelectric section or stratum to a certain extent, which provides an effective basis for the structure and stability evaluation of landslide.
From the inversion electrical structure model (Figures 2–6), it can be seen that the study area has an overall low resistivity-high resistivity electrical characteristic from shallow to deep. The electrical properties of shallow layers are generally characterized by low resistivity, mainly concentrated in the landslide surface depth of about 5 m–30 m; the middle and deep electrical properties are mainly characterized by medium and high resistivity, while there are banded or massive abnormal bodies with low resistivity locally in the section. Combined with the information from the borehole, the lithology from the surface to the depth is mainly sandy clay layer of the Quaternary—sand and gravel layer—bedrock (sandstone and slate) of the Upper Triassic Zhuwo Formation. The location where there is obvious difference or change in electrical properties is usually the place that reflects the boundary of electrical media. Obviously, as shown in the figure, there is a significant interface of electrical properties difference between shallow low resistivity and deep high resistivity. Combined with the borehole data, it can be known that this interface is the stratum contact surface of the Quaternary system and Triassic system. Therefore, we infer this stratigraphic interface as the main sliding surface of the landslide (as shown by the dotted line in the figure), and consider this landslide as a bedding landslide.
The low resistivity anomaly in the profile is divided into two parts by taking the sliding surface as the boundary, the low-resistivity anomalies above the sliding surface are mainly caused by the water-bearing clay and conglomerate debris with loose structure of the Quaternary System, while the low-resistivity anomalies below the sliding surface are presumed to be caused by the water-filled cracks formed by a series of tensile shear damage to the underlying bedrock during the landslide deformation. In addition, the section shows a typical electrical gradient zone between the high resistivity layer and the overlying rock and soil mass, and the high resistivity part of the gradient zone is sandstone and slate of the Upper Triassic Zhuwo Formation according to the borehole information.
By analyzing the inversion results of L1 survey line (Figure 2), The surface shallow layer generally presents low resistivity characteristics (<368 Ω·m), which is related to the overburden bond layer composed of silty clay and granular gravel. The high resistivity zone is located directly below well ZK01 and is approximately 18–28 m thick, and the borehole data indicate that the high resistivity anomaly in this block is derived from the metamorphic rocks of the Upper Triassic Zhuwo Formation. Moreover, There is a low resistivity abnormal zone at the lower edge of the section, which divides two high resistivity abnormal bodies. It is speculated that the abnormal zone is caused by the shear failure of the underlying rock strata caused by the landslide deformation and the water filling in the cracks. Similar situations can be seen in the inversion results of L3 lines (Figure 4). On the other hand, in Figures 2, 3, it can be seen that the local high resistivity anomaly occurs on the shallow surface of the landslide. It is presumed to be the residue formed after denudation of high resistivity rock mass which was transported to here.
[image: Figure 3]FIGURE 3 | Inversion results of L2 survey line.
[image: Figure 4]FIGURE 4 | Inversion results of L3 survey line.
The inversion result of L4 (Figure 5) shows that in the middle section (horizontal distance 120–140 m), there is a longitudinal low-resistivity abnormal zone running up and down the section. We speculate that the cause is surface water infiltration in the cracks caused by the compression deformation of the landslide front.
[image: Figure 5]FIGURE 5 | Inversion results of L4 survey line.
Figure 6 shows the inversion results of L5. There are many areas with high resistivity anomalies near the shallow surface. There are some abnormal areas of high resistivity in the shallow part of the landslide, and the electrical transition between these high-resistance blocks and the deep high-resistance bodies is natural and interconnected. From the surface geological survey, it is known that there is a reverse fault near the landslide. Therefore, we speculate that this phenomenon is caused by the fact that under the control of the fault structure in this area, the original underlying bedrock invades the landslide accumulation body under the action of compressive stress and shear stress. This interpretation is also applicable to the interpretation of high resistivity areas in the landslide body of Line L2-4 in Figures 3–5.
[image: Figure 6]FIGURE 6 | Inversion results of L5 survey line.
After obtaining all the results, by comparing the ERT electrical results with the borehole data (Figure 7, representative geological borehole sampling images, ZK05 and ZK06), we concluded that the electrical structure was in good agreement with the borehole data. The inversion structure of three longitudinal and two transverse survey lines at the same place of coincidence also shows the accuracy of the underground electrical structure obtained from the study. In order to further verify the validity of the above results and conduct a more comprehensive landslide risk assessment, we conducted a MASW survey.
[image: Figure 7]FIGURE 7 | Geological drilling sample (ZK05,ZK06).
4.2 Interpretation of MASW inversion results
Figure 8 shows the MASW inversion results, the Vs. model inversion results of the MASW transverse section along the survey line. The shear wave velocity ranges from 309 m/s to 809 m/s. From shallow layer to deep layer, the shear wave velocity generally presents the characteristics of low-velocity, medium-velocity and high-velocity structure, which reflects the changes of the composition, structure and rock strength of the underground media of the landslide to a certain extent.
[image: Figure 8]FIGURE 8 | Inversion results of MASW survey line.
As can be seen from the figure, there are three low-velocity abnormal areas (<400 m/s) above the elevation of 3220 m, corresponding to the low-resistivity abnormal areas shown in the ERT section and the landslide deposits with low strength in the borehole data. Besides, there are two high-velocity abnormal areas (>669 m/s) on the surface at the distance of 170 m and 230 m. Similarly, we believe that this is related to the upward invasion of the underlying bedrock to the landslide under the action of tectonic stress, which is mainly caused by metamorphic rocks with high strength. In addition, part of the 486–669 m/s wave velocity at the surface may be related to less weathering/fracture of the surface bedrock and the crystalline gypsum in the mudstone interbedding. The dotted line in the figure shows the boundary position between the shallow high-speed layer and the low-speed layer on the surface, and the interface is presumed to be a landslide surface. On the other hand, we can see from the diagram, below the sliding surface of high velocity layer exist evident in the interface, we believe that in the process of landslide movement under the cover of the bedrock under stress produced in the bedrock fissure deformation or damage, caused the top velocity is relatively low, bedrock lower due to relatively intact rock mass, the strength is larger, Therefore, the shear wave velocity is higher.
5 CONCLUSION
In this study, a total of 5 ERT survey lines and 1 MASW survey line were completed to completely cover the target landslide area. The electrical structure of the five profiles was studied by inversion calculations using the least squares method, and the results showed that the overall electrical characteristics of the study area ranged from low resistivity to high resistivity from shallow to deep. The sliding surface is roughly located on the interface between the high resistivity and low resistivity areas. The shallow low-resistivity area above the slip surface is composed of the Quaternary accumulation; the deeper high-resistivity area below the slip surface is composed of the Upper Triassic Zhuwo Formation. Through velocity structure model obtained by inversion of MASW data, the results show that the study area has a low-moderate-high velocity structure from shallow to deep. The shallow low-velocity area is composed of loose overburden, and the medium-velocity zone is composed of cracked bedrock, while the high-speed area is composed of more complete bedrock and slate. Furthermore, the structural characteristics of the landslide in the study area are determined by combining the borehole data and the structural characteristics of the two models. The main sliding surface of the landslide is the interface between the Quaternary overburden layer and the sandstone/slab layer of the Triassic Zhuwo Formation, which belongs to the bedding landslide. The average buried depth of the sliding surface is about 16–20 m. The area above the sliding surface has the characteristics of low speed and low resistance. The sliding surface is characterized by high speed and high resistance, and the sliding surface is located at the interface between the low speed zone and the high speed zone.
Based on the study results, we believe that combining MASW and ERT for landslide exploration to obtain subsurface information is an effective method. This is also a more efficient and economical solution for debris flow prevention and management than traditional exploration methods such as geological boreholes.
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Debris flow is a common geological hazard in mountainous areas of China, often causing secondary disasters and seriously threatening residents and infrastructure. This paper uses the Xigou debris flow in the Three Gorges Reservoir Region (TGRR) as an example case study, the development characteristics and initiation pattern of which were analyzed based on field investigation. The disaster dynamics software DAN-W was then used to simulate the entire initiation-movement-accumulation process of the debris flow and conduct the debris flow dynamics analysis. The paper also simulated and predicted the movements of landslides in the formation area of a debris flow after its initiation. The results show that the movement duration of the Xigou debris flow was approximately 40 s, the maximum velocity was 37.1 m/s, the maximum thickness of the accumulation was 18.7 m, and the farthest movement distance was 930 m, which are consistent with the field investigation. When the volumes of landslide transformed into a new source material of debris flow are 5 × 104, 10 × 104, 15 × 104, 20 × 104, and 26 × 104 m3, the movement distances of the debris flows are 250, 280, 300, 340, and 375 m, respectively. When the volume of the source material exceeds 20 × 104 m3, debris flow movement can seriously impact the residential houses at the entrance of the gully. This paper can provide a scientific basis for the prevention and mitigation of the Xigou debris flow.
Keywords: DAN-W, debris flow, development characteristics, disaster mechanism, the three gorges reservoir region
1 INTRODUCTION
A debris flow is an extremely fast torrent (solid-liquid two-phase flow) that forms in deep gullies or ravines (Hungr et al., 2001). The Three Gorges Reservoir Region (TGRR) is an area that witnesses frequent debris flow of multiple source types, large material volumes, severe climatic conditions, and intense human engineering activities and therefore possesses the conditions for macro and giant debris flow outbreaks (Zhang et al., 2021; Tang et al., 2015). The TGRR has a relatively more concentrated population following the resettlement project, which will lead to substantial losses, in both lives and property, in the event of a debris flow outbreak in the settlement areas.
As debris flow disasters continue to occur, methods to prevent or mitigate these disasters have become an urgent issue. Therefore, some experts and scholars have sought to better understand debris flows and reduce the damage they cause (Cui et al., 2011; Dowling and Santi, 2014; Nocentini et al., 2015; Zhang and Matsushima, 2018; Hu et al., 2019; Lee et al., 2020; Wang et al., 2022). In these studies, the reliability of numerical simulation methods has been demonstrated through back analyses of landslide and debris flow cases. Non-etheless, the selection of suitable rheological models and parameters is still the main challenge for the predictive analysis of debris flow movement characteristics. To this end, back analysis of historical hazard cases with similar damage types is crucial, as successful back analysis can be used to correct models and improve prediction accuracy, and provide rheological models and parameters that are suitable for potential landslide and debris flow predictive analysis (Xing et al., 2014). Thus, more accurate prediction and assessment of landslide and debris flow can be carried out (Chang et al., 2019; Dou et al., 2019; Dou et al., 2020; Zhao et al., 2021; Liu et al., 2022; Yin et al., 2022).
With the difficulties inherent in model experiments and field observation, numerical simulation is gradually becoming an important approach to studying debris flows. Advances in numerical computation of debris flows have provided a number of different models to describe debris flow movements, including continuum medium method, discrete medium method, and mixed medium method based on the descriptions of the constituent materials and movements (Hu et al., 2012). The continuum medium model assumes a continuous and void-free distribution of the debris flow body in space and can be primarily classified into one-fluid and multifluid models. The discrete medium model reduces the debris flow into a system consisting of a large number of material particles of a certain size, and the simplest discrete medium model is the discrete element method (DEM) model. The mixed media model describes the movements of the liquid and solid phases of a debris flow in a continuum and a discrete media model, respectively, and is the model that can best reflect the physical nature of a debris flow. The main numerical methods commonly used in debris flow numerical calculations are the finite element method (FEM), finite volume method (FVM), finite difference method (FDM), Boltzmann method (LBM), and smoothed particle hydrodynamics (SPH) method (Wang and yao, 2007; Hu et al., 2014; Qiu et al., 2022). Hungr and Evans (2004) developed the dynamic simulation software DAN-W based on the Lagrangian analytic solution of the Saint-Venant equations and used different rheological models to perform back analysis of the debris flow movement and accumulation process; the results showed that the frictional and Voellmy rheological models are more applicable for debris flow simulation and analysis.
On 18 June 2018, the Xigou debris flow occurred in Wushan County, Chongqing (located at 31°09′16″N, 109°58′34″E), burying the buildings at the entrance of gully and damaging the road, directly threatening 195 households and 773 people living. The analysis of the mechanism and development characteristics of the debris flow is of great significance to the follow-up preventing work. In this paper, the development characteristics of the Xigou debris flow were studied through detailed field investigation. The geological dynamics model DAN-W was used to simulate the initiation-movement-accumulation process of the debris flow and to analyze the mechanism and kinematic characteristics of the debris flow. The best combination of rheological models and parameters was obtained through the trial-error method to improve the accuracy of debris flow dynamics analysis, providing a reliable reference for disaster prevention and mitigation of the same debris flow type. The paper also adopted the DAN-W model to analyze and predict the landslide state in the landslide area and obtained the movement characteristics, such as the distance, accumulation thickness, and slip velocity, of the debris flow under different conditions. Then, the impact force of the Xigou debris flow on residential buildings and other buildings at the gully entrance was calculated when the material source value totaled 20 × 104 m3 and 26 × 104 m3 to provide a reference for disaster prevention and mitigation in the study area.
2 GEOLOGICAL BACKGROUND OF THE STUDY AREA
The Xigou debris flow is located in Wushan County, Chongqing (Figure 1). The study area is generally at a lower elevation in the south and higher in the north, ranging from 265 to 1890 m, with steep slopes of 30°–50° in the upper part of the gully and gentle slopes of 10°–20° in the lower part. The Xigou debris flow basin contains three debris flow gullies—#1, #2, and #3—all of which are rectangular in shape, with an overall basin area of approximately 1.28 km2.
[image: Figure 1]FIGURE 1 | Geographical location map of the Xigou debris flow.
The strata in the study area are Quaternary artificial fill (Q4ml), Quaternary Holocene landslide accumulation (Q4del), Quaternary colluvium (Q4col+dl), and Quaternary Pleistocene alluvium (Q4al+pl), and the exposed bedrock primarily consists of Triassic Patung Schichten (T2b) mudstone, fractured marl, and Lower Triassic Jialingjiang Formation (T1j4) limestone. The study area is located on the southeastern flank of the Qiyao Mountain anticline, with a monoclinal output and a rock formation yield of 160°–180°∠45°–58°, and does not exhibit any fault development.
The study area features a humid subtropical monsoon climate with an average annual temperature of 18.4°C, an average annual precipitation of 1066.2 mm, a maximum annual rainfall of 1,509.9 mm, a maximum monthly rainfall of 445.9 mm (September), and a maximum daily rainfall of 384.6 mm (31 August 2014), with 68.8% of the rainfall occurring during the rainy season (May-September). The cumulative rainfall between January and August of the year when the debris flows occurred was 824.8 mm, with the cumulative rainfall in June reaching 194.2 mm, much larger than the historical average for June (Figure 2). On 18 June 2018, Wushan County witnessed continuous heavy rainfall, with a cumulative rainfall of 174.3 mm.
[image: Figure 2]FIGURE 2 | Monthly and cumulative rainfall in the study area in 2018 c.
3 DESCRIPTION OF THE XIGOU DEBRIS FLOW
The overall shape of the Xigou debris flow basin is rectangular, with a valley orientation of 10° ESE, a slope of nearly 25°, and a ditch length of 1.82 km, which is located in the elevation range of 282–1,424 m. When experiencing heavy rainfall, the side slopes produce strong runoff, which scours and coats the loose accumulation material sources in the gully, gradually accumulating and expanding to form debris flows. As they move, these debris flows collide with the slopes and scrape and excavate the substrate, causing some of the side slopes to collapse and, eventually, gradually accumulate at the entrance of the gully as the speed decreases. In terms of dynamics, the Xigou debris flow can be divided into four areas: a catchment area, formation area, movement area, and accumulation area (Figure 3). The catchment area is located in the upper part of the debris flow gully and has the largest area that easily catches water. The formation and movement areas are located in the middle of the gully. The formation area is large, and the debris flow forms in the formation area and flows toward the movement area. The accumulation area is located at the gully entrance at the foot of the slope, and the debris flow flows from the upper part to this area, where accumulation occurs.
[image: Figure 3]FIGURE 3 | Xigou debris flow partition.
3.1 Catchment area
The catchment area is a roughly rectangular shape that is distributed within the elevation range of 530–1,462 m. The terrain is steep, with a relative height difference of 864–922 m. The vegetation cover is over 85%, primarily consisting of shrubs. The cover layer is thin, with local outcrops of fractured marl and mudstone, experiencing few avalanches and landslides and other unfavorable geological conditions in addition to minimal soil erosion. The ditches in the catchment area are well developed, providing the necessary dynamic conditions for forming debris flows.
3.2 Formation area
The formation area is primarily located within the elevation range of 310–560 m, with a steep topography and slope of approximately 30° and an overall area of approximately .448 km2 (Figure 4A). The surface layer of the formation area is mostly Quaternary Holocene colluvial soil, with a thickness of approximately 20 m, and most of the debris flow material sources are concentrated in this area. The catchment area is located in the upper part of the formation area. When it rains, rainwater collects in the catchment area and flows toward the formation area, and the debris flow forms in the formation area and flows downstream. The landslide area is located in the formation area of Xigou #2, which is approximately 100 m long and 80 m wide, with a volume of approximately 26.0 × 104 m3. The large amount of accumulation in this area provides a rich material source for debris flow movement (Figure 4B).
[image: Figure 4]FIGURE 4 | Features of Xigou debris flow partitions. (A) Formation area (B) Landslide area (C,D) Movement area (E) Accumulation area (F) Accumulation distribution.
3.3 Movement area
The movement area is primarily distributed from the elevation of 310 m to the entrance of the gully. The length of the movement area for gully #1, #2, and #3 is 90, 135, and 220 m, respectively. The slope in this area is approximately 25°, and the channel is generally narrow and straight, which is conducive to the rapid flow of debris. During high-speed movement, the debris flow collides, scrapes, and entrains a large volume of loose accumulation on the gully surface (Figures 4C,D).
3.4 Accumulation area
The accumulation area is located below 300 m in elevation, with an open space and fan-shaped area (Figure 4E). The accumulation areas of gully #1, #2, and #3 are approximately 3,065, 6,643, and 6,886 m2, respectively. According to site investigations, the accumulation is primarily composed of gravelly soil and clay, with a grain size of 5–30 cm and a maximum grain size of 1.5 m (Figure 4F).
Due to the relatively large slope drop in the upper part of each branch gully in the basin, the debris flow is fast, and the loose accumulation is relatively small, while the middle and lower parts of the main gully are relatively gentle, and the debris flow produces a large amount of material accumulation in the accumulation area due to the reduced kinetic energy. This area is where human construction activity is concentrated, including houses and roads in Xigou Village.
4 FORMATION MECHANISM OF THE XIGOU DEBRIS FLOW
In the study area, the Xigou debris flow occur due to heavy rainfall. During debris flow movement, they continuously scour and erode the bank slopes on both sides of the gully, leading to landslides within the landslide area, further increasing the volume of the material source of debris flows, and a large amount of debris flow material accumulates at the gully entrance. Heavy rainfall is the main cause for debris flow formation. The Xigou debris flow disaster formation process is divided into three main phases: initiation phase, amplification phase, and siltation phase (Figure 5).
[image: Figure 5]FIGURE 5 | Formation mechanism of the Xigou debris flow. (A) Initiation phase (B) Amplification phase (C) Siltation phase.
Initiation phase: Heavy rainfall on 18 June 2018 caused a number of small landslides on the rear edge of the slope, a large number of avalanches and rock slides gathered in the gully, and the amount of loose solid material sources increased greatly. The catchment area was large, the terrain was steep, and the gully easily caught water. A large amount of rainwater quickly gathered in the narrow gully channel and quickly formed into a flood. Then, the floodwater mixed with the loose solid material sources in the formation area to form a debris flow, scouring and mobilizing the loose accumulation of material sources in the gully channel and moving downstream.
Amplification phase: As the runoff increased, the debris flow generated greater kinetic energy in the narrow gully, and the erosion capacity gradually increased. Both sides of the gully were steep, and the loosely accumulated soil on both slopes was mainly fragmented rocky soils. As the debris flow moved, it continuously scraped and scoured the bank slopes on both sides of the gully, which intensified the lateral erosion effect on the front edge of the landslide area, resulting in slope slip damage. The landslide provided favorable conditions for the solid material source of debris flow movement.
Siltation phase: The debris flow movement induced the landslide, and the loose landslide mass moved downstream with the debris flow. The entrainment and dynamic erosion of the debris flow in the transportation process led to a gradual reduction in the kinetic energy of the debris flow. The debris flow eventually accumulated at the gully entrance with a relatively gentle slope.
5 NUMERICAL SIMULATION OF DEBRIS FLOW
5.1 Introduction to DAN
DAN-W is a numerical simulation software developed by Hungr to simulate the debris flow movement process and its dynamics. DAN-W uses the Lagrangian analytic solution of the Saint-Venant equations to decompose the landslide into a number of blocks and assumes that these blocks will not undergo internal deformation during movement. After establishing the balance equations and kinetic equations and then solving the equations via the Lagrangian finite difference method, data on the movement velocity, movement distance, and accumulation thickness were obtained (Hungr, 1995).
The DAN model treats landslides as equivalent fluids and further back analyzes landslide movement by setting the paths and directions of movement and selecting different rheological models to calculate the movement distance, velocity, and accumulation thickness of landslides.
Hungr (2009) and Sosio (2008) showed that the frictional and Voellmy rheological models can reflect the movement and accumulation characteristics of landslides more accurately. The rheological relationships are specified as follows:
The expressions for the resistance of the frictional model are as follows:
[image: image]
where [image: image] is the resistance at the bottom of the slide (N); [image: image] is the total stress perpendicular to the direction of the sliding path (Pa); [image: image] is the pore pressure coefficient, i.e., the ratio of pore pressure to total stress; and [image: image] is the internal friction angle (°).
The expression for the resistance of the Voellmy model is as follows:
[image: image]
where [image: image] is the resistance at the bottom of the slide (N), [image: image] is the slip friction coefficient [image: image] is the total stress perpendicular to the direction of the sliding path (Pa); [image: image] is the material volumetric weight (N/m3); [image: image] is the transportation velocity of the slide (m/s); and [image: image] is the turbulent diffusion coefficient (m/s2).
5.2 Model establishment and parameter selection
As a result of the heavy rainfall on 18 June 2018, debris flow hazards broke out in gullies #1, #2, and #3 in the study area, of which the most threatening was the debris flow in gully #2. Therefore, gully #2 was chosen for modeling and calculation. Through field geological investigation, the profile of gully #2 before and after the debris flow occurred was determined (Figure 6). In this paper, two rheological models, the frictional model and the Voellmy model, were used to simulate the movement characteristics of the debris flow in different areas according to the gully characteristics and debris flow movement characteristics in the formation, movement, and accumulation areas. Research results have shown that the frictional model is suitable for application in the formation area (Yang et al., 2020). The frictional model and the Voellmy model were applied to the movement area and the accumulation area, respectively, and four model combinations of F-F-F, F-V-V, F-V-F, and F-F-V were obtained, which corresponded to debris flow movement distances of 1,100, 820, 930, and 820 m, respectively (Table 1). A comparison of the four models by the trial-error method revealed that the simulation results of the F-V-F model were closer to the actual movement distance of 950 m of the Xigou debris flow; therefore, the F-V-F rheological model was used for simulation calculation (Table 2 shows the parameters of the F-V-F model).
[image: Figure 6]FIGURE 6 | Geological profile of gully #2 of the Xigou debris flow.
TABLE 1 | Model combinations for xigou debris flow.
[image: Table 1]TABLE 2 | Parameters for the F-V-F model.
[image: Table 2]5.3 Results
5.3.1 Movement characteristics of the debris flow
The movement characteristics of the Xigou debris flow are shown in Figures 7, 8. Figure 7 indicates that the debris flow movement lasted approximately 40 s, with the head and tail starting almost simultaneously. During the initiation phase, a large amount of rainwater collected in the gully, which mixed with the loose accumulation on the surface and flowed downstream, causing the velocity of the debris flow head to gradually increase during 0–8 s. At 8 s, the velocity reached a maximum of 18.7 m/s until approximately 14 s, when the head entered the accumulation area. As the gully in the accumulation area was gentler, the velocity started to decrease. The head was blocked by the building at the foot of the slope where the velocity dropped to 0 m/s and then flowed out on a side of the building before finally stopping its movement at a horizontal distance of 930 m. The steeper slope of the rear edge of the slope and the large amount of rainwater flowing into the formation area caused the velocity of the debris flow tail to increase sharply at 0–7 s, after which the movement path was relatively gentle, and the velocity remained at 15–20 m/s until approximately 22 s, when the tail entered the steep slope, and the velocity increased, reaching a maximum of 37.1 m/s at 27 s. Thereafter, the tail was blocked by the accumulation in the movement area, and the velocity decreased linearly until the tail accumulated in the movement area and stopped.
[image: Figure 7]FIGURE 7 | Velocities of the debris flow head and tail over time.
[image: Figure 8]FIGURE 8 | Velocities of the debris flow head and tail over slide distance.
5.3.2 Morphological characteristics of debris flow movement
The changes in the accumulation thickness and morphology of the debris flow at 10 s intervals from start to stop are shown in Figures 9, 10. At 0 s, the debris flow head was located at a horizontal distance of 610 m, and the tail was located at a horizontal distance of 0 m. The average thickness of the debris flow accumulation ranged from 2.5 to 17.5 m, with the maximum accumulation thickness of 18.7 m located at a horizontal distance of 620 m. The head of the debris flow began to decrease in velocity at 15 s, while the tail remained at a higher velocity moving downstream, resulting in the gradual accumulation of the debris flow in the movement area, reaching a maximum accumulation thickness of 18.7 m at a horizontal distance of 620 m. At 40 s, the tail was located at a horizontal distance of 600 m, the accumulation thickness in the movement area was 7–18 m, and the debris flow movement stopped at a horizontal distance of 930 m.
[image: Figure 9]FIGURE 9 | Debris flow thickness variation.
[image: Figure 10]FIGURE 10 | Debris flow morphology variation.
During the 20 s after the initiation of the debris flow, the head exhibited a high velocity and moved a distance of approximately 260 m. Within 20–40 s, the debris flow moved to the accumulation area, where the terrain was flat, and gradually decelerated, moving only 60 m during this period. Therefore, after t=20 s, the debris flow thickness in the accumulation area did not change notably. The horizontal distance of approximately 620 m is typical of negative terrain, so the debris flow accumulated much more at this distance, leading to a peak in debris flow thickness at this location.
5.3.3 Movement characteristics of the debris flow at the observation point
According to the field investigation, observation point one and observation point 2 were set at horizontal distances of 600 m and 900 m, respectively, for analysis (Figure 6), and the variation in debris flow velocities and thicknesses at the observation points with times were obtained (Figures 11, 12). Observation point one is located at the intersection of the formation area and the movement area, and the movement characteristics at observation point one were selected for the analysis. In terms of velocity, the debris flow arrived at observation point one within 2 s of startup with a velocity of 5 m/s. As the debris flow was in the initiation phase, the velocity of the debris flow through observation point one increased and reached a maximum velocity of 19 m/s at approximately 8 s. At approximately 10 s, the debris flow started to accumulate in the movement area, and the velocity of the debris flow at observation point one gradually decreased. Between 20 and 25 s, the debris flow velocity picked up at observation point one due to the faster tail movement. The large accumulation of debris flow in the narrow movement area impeded the flow of the tail downstream, causing the tail velocity to gradually decrease as it flowed through observation point one until it stopped moving. In terms of thickness, within 0–15 s, the debris flow thickness past observation point one was approximately the same as the thickness of the initial debris flow, indicating that the overall flow downstream after the initiation of the debris flow remained essentially unchanged. Between 15 and 30 s, the debris flow gradually piled up in the movement area, and the debris flow thickness gradually increased at observation point 1. After 30 s, the accumulation in the movement area extended to observation point one, where the debris flow tail continued to accumulate until the tail stopped moving and the thickness of the accumulation reached a maximum of 12.5 m and remained constant.
[image: Figure 11]FIGURE 11 | Velocity versus time as the debris flow passed through the observation point.
[image: Figure 12]FIGURE 12 | Velocity versus thickness as the debris flow passed through the observation point.
Observation point 2 was located at a building in the accumulation area, where the Xigou debris flow posed a threat to residential houses and other buildings at the foot of the slope; therefore, the movement characteristics at observation point 2 were chosen for the analysis. Figure 11 indicates that the debris flow passed through this point at approximately 30 s, at which point the velocity was 3.25 m/s, exhibiting an overall slowing velocity until the debris flow ultimately stopped moving. After the debris flow passed through observation point 2, the accumulation thickness at this point increased until the movement ended when the accumulation thickness was approximately 4.5 m. Thus, the debris flow did not stop moving when it reached observation point 2 and had a certain impact on the buildings.
6 DISCUSSION
6.1 Simulation analysis of the transformation from landslide to debris flow
Based on the field investigation and unmanned aerial vehicle (UAV) images, a landslide was identified within the central formation area of the debris flow gully (Figure 4B). The landslide area is located within the elevation range of 350–410 m, with the front edge of the landslide body at an elevation of 350 m and the back edge at an elevation of 407 m. The landslide area had a relative height difference of 57 m, a length of approximately 100 m, a width of approximately 80 m, and a material source volume of approximately 26.0 × 104 m3. The slide body is dominated by rubble, and the main slide direction is 211°; boundary conditions have formed, the frontal slide has blocked the debris flow gully, and the entire landslide area is unstable.
On 18 June 2018, the study area was subjected to persistent heavy rainfall, and large amounts of rainwater rapidly collected upstream of the debris flow gully and surged into the narrow gully channel, rapidly forming a flood, which mixed with loose solid material sources on the gully surface to form a debris flow that continued to scour the loose accumulation sources in the gully and moved downstream. After the debris flow moved to the landslide area, it continuously scraped and scoured the bank slopes on both sides of the gully channel. The scraping and lateral erosion of the slope of the landslide area by the debris flow destroyed the stability of the original slope body, resulting in a landslide on the slope of the landslide area. Some of the landslide bodies continued to move downstream after being transformed into debris flow and eventually accumulated at the gully entrance. The remaining landslides and slope accumulations became new sources of debris flow, and under heavy rainfall conditions, they are prone to destabilize and form debris flows again.
In this section, the DAN-W model was used to simulate the movement state of debris flow when it breaks out again under heavy rainfall conditions. Assuming that the volume of landslide volumes that transform into new sources of debris flow are 5 × 104, 10 × 104, 15 × 104, 20 × 104, and 26 × 104 m3, these source volumes are used as five sets of working conditions to simulate and predict the movement states of debris flow with different source volumes and obtain the movement characteristics, such as distance, accumulation thickness, and slide velocity, of debris flow under various conditions.
Figures 13–15 present the accumulation morphology, movement velocity, and accumulation thickness of debris flows at different source volumes. When the volume of the material source was 5 × 104 m3, due to the small volume of the material source, the accumulation thickness was small, and the movement distance was limited. The thickness of the accumulation body reached its maximum value of 11 m at the horizontal distance of 130 m, with a movement distance of the debris flow of approximately 250 m and a maximum speed of 16 m/s, located at the horizontal distance of 130 m. Subsequently, the speed gradually decreased until it slid to the horizontal distance of 340 m and stopped, not impacting any buildings, such as residential buildings. When the volume of the source was 10×104 m3 and 15 × 104 m3, the distance of the debris flow was 280 m and 300 m, respectively, and the maximum velocity was 17.5 m/s and 19.0 m/s, respectively. The debris flow did not reach the house at the gully entrance, so it did not affect the house and other buildings. When the volume of the material source was 20 × 104 m3, the debris flow moved approximately 340 m and reached a maximum velocity of 20.5 m/s at a horizontal distance of 150 m. The debris flow collided with buildings, such as houses at the gully entrance, at a lower velocity with a horizontal distance of 415 m and stopped after it reached a horizontal distance of 425 m. When the volume of the material source was 26 × 104 m3, due to its larger volume, the movement distance of the debris flow was greater, along with the accumulation thickness. The movement distance of the debris flow was approximately 375 m. The terrain at the horizontal distances of 130 m and 335 m was relatively flat, which is conducive to the accumulation of mudslide materials, and the accumulation thickness at these two places was relatively large, at 12.5 and 7.5 m, respectively. The maximum velocity of the debris flow was 21.5 m/s at a horizontal distance of 150 m, and buildings, such as residential houses, were located in the path of the debris flow movement and would suffer from debris flow impacts and siltation, threatening the safety of the residents on both sides of gully entrance #2.
[image: Figure 13]FIGURE 13 | Morphology of accumulation formed by different landslide volumes.
[image: Figure 14]FIGURE 14 | Velocity versus slide distance for different landslide volumes.
[image: Figure 15]FIGURE 15 | Thickness versus slide distance for different landslide volumes.
The movement distances, velocities, thicknesses, and morphologies of debris flows under different working conditions were calculated for debris flows with different source volumes to provide a basis for future disaster prevention and mitigation of the Xigou debris flow.
6.2 Impact of debris flow on buildings
The debris flow impact force is the most important indicator for assessing building resistance to debris flow damage (Hu et al., 2012), and its magnitude is related to the debris flow velocity, volumetric weight, etc. Determining the impact force of debris flows on buildings is the most important step when designing debris flow control projects.
The impact force of debris flow on residential houses in the accumulation area can be calculated by the following equation (T/CAGHP 006–2018, 2018):
[image: image]
where [image: image] is the overall impact pressure of the debris flow (kPa); [image: image] is the volumetric weight of the debris flow (kN/m3); [image: image] is the flow velocity of the debris flow (m/s); [image: image] is the acceleration of gravity (m/s2); [image: image] is the angle between the force surface of the building and the impact force direction of the debris flow (°); and [image: image] is the building shape coefficient, which is 1.0 for circular buildings, 1.33 for rectangular buildings, and 1.47 for square buildings.
On 18 June 2018, a debris flow disaster occurred in the study area, resulting in two residential houses and the ground floor of a residential building at the gully entrance being buried, and Eq. 3 was used to calculate the impact force of this debris flow on the residential houses and other buildings. Figure 13 shows that the debris flow movement affects the residential houses and other buildings at the gully entrance under the working conditions of the debris flow source volume of 20 × 104 m3 and 26 × 104 m3 in the landslide area. Therefore, the impact forces of the debris flow on the residential houses and other buildings under these two working conditions were also calculated to predict the degree of damage caused by the debris flow to the residential houses.
The impact force of Xigou debris flow at the entrance of the gully was calculated to be 28.67 kPa, and the impact force of the debris flow on the houses was 39.19 and 241.37 kPa for the source volumes 20 × 104 m3 and 26 × 104 m3, respectively (Table 3). Zanchetta (2004) analyzed the relationship between the debris flow impact force and the damage to buildings and proposed a damage rating for buildings under debris flow impact. When the impact force of the debris flow is stronger than 90 kPa, the building is completely destroyed; when the impact force is less than 90 kPa but greater than 35 kPa, most of the building is severely damaged; and when it is less than 35 kPa, the building is slightly damaged. Figure 4C shows the damage to two residential buildings at the gully entrance, which suffered frontal impacts from the debris flow, with severe damage to doors, windows, and walls, including partially broken walls, and the ground floor was covered in silt but suffered no structural damage. According to the damage levels of buildings under the debris flow impact proposed by Zanchetta et al. (2004), it is presumed that when the material source volume is 20 × 104 m3, buildings, such as residential houses, at the entrance of the gully will suffer more serious debris flow impacts, and some walls will be punched through and some floors will be covered in silt. When the material source volume is 26 × 104 m3, residential houses at the gully entrance will be completely demolished.
TABLE 3 | Calculation results of the impact forces of debris flow on the residential houses at the gully entrance.
[image: Table 3]Further calculations of the impact forces generated by the debris flow with material source volumes of 20 × 104 m3, 22 × 104 m3, 24 × 104 m3, and 26 × 104 m3 led to the following equation for the relationship between the material source volume and impact force under general conditions:
[image: image]
where [image: image] is the overall impact force of the debris flow (kPa) and [image: image] is the volume of the debris flow source (m3).
As the debris flow material source volume increases, the impact force generated by the debris flow increases linearly (Figure 16). Thus, the magnitude of the impact force that will be generated by the debris flow can be further predicted by measuring the material source volume of the debris flow.
[image: Figure 16]FIGURE 16 | Association between debris flow material source volume and its impact force.
Several suggestions have been proposed to avoid damage to buildings from debris flows: (1) Construct interceptor gullies and diversion channels upstream of the debris flow formation area to intercept some of the flood water and reduce the flood peak. (2) Set up tailing dams in the gullies to stop the mud and sand and reduce the size of debris flows. (3) Reinforce debris flow retaining walls behind residential houses to prevent water flow and debris flow from directly washing over the foot of the slope.
7 CONCLUSION
Taking the Xigou debris flow as an example, this paper summarizes and analyzes the development characteristics of the debris flow and its destabilization mode based on field investigation. The process of initiation-movement-accumulation was simulated, and the debris flow dynamics analysis was conducted using the dynamics software DAN-W with the rheological model and parameters of the back analysis of the Xigou debris flow. The main conclusions are as following.
(1) Heavy rainfall is the main trigger for Xigou debris flows. Their formation process is divided into three main phases: initiation, amplification, and siltation.
(2) The F-V-F rheological model well simulated the movement distance and accumulation morphology of the debris flow via the DAN-W software. The duration of Xigou debris flow movement is approximately 40 s, the maximum velocity is 37.1 m/s, the maximum thickness of the accumulation is 18.7 m, and the farthest movement distance is 930 m.
(3) After the debris flow moved to the landslide area, it continuously scraped and scoured the bank slopes on both sides of the gully channel, resulting in failure of the landslide. The loose landslide mass moved downstream with the debris flow, and provide the new material source of the debris flow. For the remaining landslides, the numerical simulation predicts the movements of landslides with different volumes after transformation into debris flows. It is presumed that after the volume of material source exceeds 20×104 m3, the movement of debris flows will affect the safety of buildings such as residential houses at the gully entrance.
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The accuracy of data-driven landslide susceptibility mapping (LSM) is closely affected by the quality of non-landslide samples. This research proposes a method combining a self-organizing-map (SOM) and a one-class SVM (SOM-OCSVM) to generate more reasonable non-landslide samples. We designed two steps: first, a random selection, a SOM network, a one class SVM model, and a SOM-OCSVM model were used to generate non-landslide sample datasets. Second, four machine learning models (MLs)—namely logistic regression (LRG), multilayer perceptron (MLP), support vector machine (SVM), and random forest (RF)—were used to verify the effects of four non-landslide sample datasets on LSM. From the region along the Sichuan-Tibet Highway, we selected 11 conditioning factors and 1186 investigated landslides to perform the aforementioned experiments. The results show that the SOM-OCSVM method achieves the highest AUC (>0.94) and minimum standard deviation (<0.081) compared with other methods. Moreover, RF achieves the best performance in different datasets compared with other ML models. The aforementioned results prove that the proposed method can enhance the performance of ML models to produce more reliable LSM.
Keywords: landslide susceptibility mapping, self-organizing map, one-class SVM, the Sichuan-Tibet highway, machine learning
1 INTRODUCTION
The fragile geological environment of the Sichuan-Tibet highway, with its complex geotechnical and climatic conditions, has created suitable conditions for mountain disasters such as landslides, debris flows, and flash floods (Chen et al., 2019; Wang et al., 2020a; Liu et al., 2022; Wang et al., 2022). The area is frequently exposed to the risk of slope instability and landslides, which seriously affect sustainable socio-economic development and pose a major security risk for national defense construction and national communication. It is therefore of great practical significance to complete landslide susceptibility mapping (LSM) along the highway, and hence improve decision-making aimed at reducing highway disasters.
LSM has developed rapidly over the past two decades and is considered an effective measure for mitigating landslide effects (Wang et al., 2020b). LSM focuses on the quantitative analysis of landslide spatial distribution, using a set of region-specific conditioning factors (Hess et al., 2017). Recently, machine learning (ML) algorithms have shown promising and effective ways of solving non-linear real-world problems with high accuracy and are widely used in LSM, including random forest (RF), support vector machine (SVM), multilayer perceptron (MLP), logistic regression (LGR), decision tree, and artificial neural network (ANN) models (Aditian et al., 2018; Ye et al., 2022). These methods have essential similarities in the way they select critical condition factors, which reduce the impact of highly correlated factors on the generalization ability of the model. However, when assessing landslide susceptibility based on machine learning—which is data-driven—accuracy depends on the selection of landslide (positive) and non-landslide (negative) samples.
Landslide samples can be produced by field surveys, remote sensing interpretation of landslides, and historical landslide cataloging data. By contrast, non-landslide samples are less certain. In the past, researchers mainly used the following methods to obtain non-landslide samples: 1) random selection (Felicísimo et al., 2013); 2) the creation of landslide buffers (Pham et al., 2016); and 3) collection from low-slope streams and topographic areas (Kavzoglu et al., 2014). These methods depend on subjective speculation or random selection, however, and cannot make good use of existing landslide contributing factors. The spatial distribution relationship between landslides and contributing factors is ignored, yet this needs to be rationally considered when designing a method to optimize the samples.
To solve the aforementioned problems, we propose a method based on the spatial distribution relationship between landslides and contributing factors to obtain the frequency ratio of non-landslide samples. This is achieved, first, by randomly selecting non-landslide samples beyond a certain distance from the landslides; second, by combining the frequency ratio information on the factors and the landslides and using the SOM unsupervised learning method to obtain the low frequency ratio partition; third, by combining the contributing factors and landslide data to train the OC-SVM and screen out the non-landslide samples with low similarity; and finally, by combining the two methods to screen out the non-landslide samples with low similarity by the trained OC-SVM in the low frequency ratio partition, using the SOM. To assess its effectiveness, we applied our SOM-OCSVM method to the area along the Sichuan-Tibet Highway.
2 MATERIALS
2.1 Study area
The Sichuan-Tibet Highway starts at Chengdu in the east and ends at Lhasa in the west, includes the G318 and G317 national roads, and is 2142 km in length (Figure 1). The highway is located in the collision zone between the Indian and Eurasian plates, which is a zone of strong geological and tectonic activity (Ma et al., 2020). The Sichuan-Tibet Highway crosses a large area from the basin to the plateau, spanning three major geomorphological types: the Chengdu Plain, the Hengduan Mountains, and the Tibetan Plateau. The stratigraphy along the highway is geologically complex, ranging from the Upper Paleozoic Aurignacian to the Cenozoic Quaternary. The G318 passes through a region with terrain that is high in the west and low in the east and that crosses three major mountain systems: the Hengduan, the Nyingchi Tanggula, and the Himalayas; and four major water systems: the Yangtze, Lancang, Nujiang, and Yarlung Tsangpo rivers.
[image: Figure 1]FIGURE 1 | Historical landslide inventory and the Sichuan-Tibet Highway location.
2.2 Data
2.2.1 Landslide inventory
In this study, we collected data from 1186 landslides. The spatial distribution of the landslide inventory within the study area is shown in Figure 1. The landslide inventory was obtained from remote sensing interpretations, field surveys, and historical records.
2.2.2 Landslide conditioning factors
Landslide occurrence is controlled by a variety of conditioning factors, and therefore, reasonable selection of such factors is essential for improving LSM reliability. Drawing on extensive research in the study area (Ma et al., 2020; Wei et al., 2022; Ye et al., 2022), 11 factors were chosen for LSM (Figure 2), i.e., slope, aspect, plan curvature, profile curvature, relief amplitude, annual rainfall, distance to fault, land use, geomorphology, lithology, and distance to river. We divided the original ongoing factors into several subclasses according to their variable impact on landslide occurrence, as shown in Figure 5.
[image: Figure 2]FIGURE 2 | Landslide conditioning factor along the Sichuan-Tibet Highway: (A) slope, (B) aspect, (C) plan curvature, (D) profile curvature, (E) relief amplitude, (F) annual rainfall, (G) distance to fault, (H) land use, (I) geomorphology, (G) lithology, (K) distance to river.
Slope is considered a key topographical factor directly affecting slope body stability (Keles and Nefeslioglu, 2021). Generally, slopes between 20° and 40° are considered prone to causing landslides. Aspect was chosen because it affects erosion. The non-continuous direction of wind and sunlight, which regulates soil moisture and vegetation growth, in turn affects the stability of soil (Bordoni et al., 2020). Relief amplitude describes the variation in terrain associated with landslide occurrence (Qiu et al., 2022), with landslides more likely in areas with greater relief amplitude.
Landslide occurrence is also closely related to geomorphology. Land-use type is one of the most sensitive factors, with slope body stability vulnerable to a constantly changing environment due to human activities. Lithology is often considered one of the more important factors in LSM because it directly affects rock strength and the soil permeability (Kavzoglu et al., 2014). In this study, the geomorphology, land use, and lithology are classified into seven, eight, and five categories, respectively, and the detailed information is shown in Figure 5.
There is a strong correlation between distance to a river and landslide susceptibility, as rivers are associated with slope toe erosion (Erener and Düzgün, 2010). The area near the fault is also more favorable to landslide occurrence (Yalcin et al., 2011); hence, the distance to fault was taken into account in this study. The buffer map along faults and rivers was constructed and reclassified into five groups.
Plan curvature describes the terrain’s horizontal characteristics and expresses the change rate. Profile curvature reflects the slope change rate and the flatness of the flow line slope. Rainfall is one of the key contributing factors here. Landslides induced by heavy and extreme rainfall in steep mountainous regions occur frequently (Zhou et al., 2022).
3 METHODS
A detailed flowchart of the present study is given in Figure 3, and the process contains the following specific steps. First, we prepared a positive sample dataset of 1186 landslides with a label value of 1. Next, four non-landslide sample datasets, as negative samples with a label value of 0, were constructed using four methods. The number of samples in each negative sample dataset was consistent with the positive samples (Petschko et al., 2014). Third, we combined the positive samples, negative samples, and the 11 conditioning factors to generate four sample datasets, which were divided for training and validation at 70% and 30%, respectively. Finally, the performance of the ML models was assessed and the final LSM obtained by comparison.
[image: Figure 3]FIGURE 3 | Flowchart of this study.
3.1 Non-landslide data generation
Traditionally, non-landslide samples are randomly selected from areas outside the area of recorded landslides. However, these areas usually include a large number of unstable slopes and many unidentified landslides, and hence cannot be used as negative samples. To overcome these drawbacks, this study presents a negative sample generation method based on a self-organizing-map and a one-class SVM model. The flowchart is given in Figure 4.
[image: Figure 4]FIGURE 4 | Flowchart of non-landslide dataset generation.
3.1.1 Self-organizing map
A self-organizing map (SOM) (Ritter and Kohonen, 1989) is an unsupervised learning algorithm and a special artificial neural network (ANN). The SOM can map high dimensional data with complex and nonlinear relationships onto a low-dimensional space with simple geometrical structures and relationships. It can perform cluster analysis and divide the entire input space into several disjointed regions. The SOM network has an input layer and a competitive layer.
If we assume that [image: image] is the input variable, and [image: image] is the weight coefficient of neurons, where [image: image] is the number of neurons in the competitive layer. In the competitive layer, neighboring neurons are connected to each other through certain relationships. The SOM employs a competitive learning algorithm in training (Huang et al., 2017). The learning rule is to calculate the distance between the [image: image] and [image: image], and the neuron with the smallest distance is considered the winner. In this study, the distance is calculated using the Euclidean distance formula:
[image: image]
3.1.2 One-class SVM
The one-class SVM (OC-SVM) (Schölkopf et al., 1999) is the more classical single classification algorithm and unsupervised classification method. Assuming that [image: image] is the nonlinear mapping kernel function defined in the n-dimensional data space, the samples are [image: image]. The OC-SVM maps the samples from low-dimensional to high-dimensional space through the [image: image], establishing an optimal hyperplane between the zero point and the high-dimensional space (Chen et al., 2021). This hyperplane can be described by the n-dimensional vector [image: image] and a constant [image: image]. The determination function is defined as the following:
[image: image]
To ensure that the hyperplane clusters the samples with the optimal bounds, the quadratic programming problem needs to be optimized:
[image: image]
[image: image]
where [image: image] is the weight and threshold of the support vector, [image: image] is the relaxation variable, [image: image] is the mapping function that maps [image: image] to a higher dimensional space, and [image: image]. This method creates a hyperplane with parameters [image: image] that maximizes the hyperplane distance from the zero point in the feature space and separates the zero point from all data.
3.2 Machine learning
In this study, four machine learning (ML) models, which are currently widely used, were selected to verify the effects of non-landslide samples on LSM, i.e., the logistic regression (LGR) (Aslam et al., 2022), multilayer perceptron (MLP) (Li et al., 2019), support vector machine (SVM) (Cortes and Vapnik, 1995), and random forest (RF) models (Breiman, 2001).
3.3 Model evaluation
The standard deviation (Std) effectively reflects the stability of the model. The smaller the value of the Std, the more stable the model. Receiver operating characteristics (ROCs) are important tools for model evaluation (Swets, 1988). Formula 5 calculates the true positive rate (TPR) and the false positive rate (FPR) and plots a curve with both the TPR and FPR. The area under the curve (AUC) is used to reflect the model performance and is usually between 0.5 and 1.
[image: image]
4 EXPERIMENTAL RESULTS
4.1 Factor analysis
Frequency ratios (FRs) are often used to reflect the effects of factors on landslide occurrence. Figure 5 shows the FR value of all factors and their subclass percentages. It reveals that the probability of a landslide increases as the slope, the profile curvature, and the annual rainfall rise, and decreases as the distance to fault and to river rise. For aspect, the flat class had a lower FR value, indicating less probability of landslide in flat areas. The majority of landslides occur on built-up and agricultural land. In terms of geomorphology, there are small landslides in the glaciers, low-relief mountains, and moderate-relief mountains. Concerning relief amplitude, the range of 25–79 m is generally prone to landslides, while in terms of lithology, second-hand rocks and soft-hard interphase rocks are more prone to landslides.
[image: Figure 5]FIGURE 5 | Statistical distribution and frequency ratio (FR) values of conditioning factors.
4.2 Non-landslide sample generation
4.2.1 Non-landslide sample generation based on the SOM network
The SOM network was used to generate reasonable non-landslide samples. We used the normalized frequency ratios of the factors as the input variables, which consider about the distribution relationship between landslides and factors. The output variables are the four levels of landslide susceptibility. Therefore, the input layer has eleven neurons representing the frequency ratio of the conditioning factors, and the output layer has four neurons representing four different susceptibility levels. For the training process, the learning rate is initialized to a value of 0.5 and reduced linearly to 0.01 during the training process. The maximum number of iterations is set at 1000. When it is reached, the training process is finished.
As shown in Figure 6, the landslide susceptibility map produced using the SOM network is classified into four levels: very low (3.64%), low (12.84%), medium (49.60%), and high (33.92%). Table 1 shows the frequency ratio of each level. The levels of very low, low, and medium susceptibility have low frequency ratios. It is therefore reasonable that non-landslide samples were randomly selected from them.
[image: Figure 6]FIGURE 6 | Landslide susceptibility map generated by SOM.
TABLE 1 | Frequency ratios of the four susceptibility levels of SOM network.
[image: Table 1]4.2.2 Non-landslide sample generation based on a one-class SVM method
The OC-SVM only needs to input landslide samples to the network for training since it only focuses on learning the features of the landslides. The specific process is as follows: First, we inputted the landslide samples to train the OC-SVM model. Second, we randomly selected five times the number of landslides as the prediction data in the areas outside the landslides, and inputted them into the model. These were assigned a value of 1 or −1, according to their similarity with the features of the landslides learned by the model. The value of low similarity was −1. We selected the data with low similarity as the non-landslide samples, and the spatial distribution is shown in Figure 7.
[image: Figure 7]FIGURE 7 | OC-SVM generated distribution map of non-landslide samples.
4.2.3 Non-landslide sample generation based on the SOM-OCSVM method
In order to further optimize the selection of non-landslide samples and enhance the performance of data-driven models, this study combined the SOM network with the OC-SVM network to determine the non-landslide samples participating in ML-based LSM. The specific process was as follows: First, we randomly selected the prediction data in the susceptible area with the low frequency ratios generated by the SOM network. Next, we inputted the prediction data into the OC-SVM model trained by the landslides and screened out the data with low similarity. The spatial distribution is shown in Figure 8. The final non-landslide samples were all outside the landslide and high susceptibility area generated by the SOM, which can better ensure the separation of the positive and negative samples inputted to the ML model and generate more accurate LSM.
[image: Figure 8]FIGURE 8 | SOM-OCSVM generated distribution map of non-landslide samples.
4.3 Effects of non-landslide sample selection
Figure 9 shows the LSMs generated by the RF model based on different non-landslide sample datasets. The natural break classification was applied to divide landslide susceptibility into five levels: very high, high, moderate, low, and very low. The LSMs show significant differences in the spatial distribution of the susceptibility area. As the ML algorithm and the landslide samples are consistent, this difference comes from the different non-landslide sample datasets. This result suggests a close relationship between the quality of non-landslide samples and the performance of LSM. To quantitatively evaluate the performance of the model, Figure 10 shows the ROC curves for the four non-landslide sample datasets. The AUC values are 0.8328, 0.9180, 0.9765, and 0.9877, respectively. Among the four datasets, the RF based on the SOM-OCSVM reached the highest AUC value (0.9877). The AUC value of the SOM-OCSVM had the most significant improvement (0.1549), confirming that the non-landslide sample generation method proposed in this study results in a remarkable improvement in the performance of RF-based LSM.
[image: Figure 9]FIGURE 9 | Landslide susceptibility map based on the RF with different negative data: (A) random, (B) SOM, (C) OC-SVM, and (D) SOM-OCSVM.
[image: Figure 10]FIGURE 10 | ROC curves of four non-landslide data generation strategies.
In order to quantitatively describe the differences brought by different non-landslide sample datasets to LSM, we computed the proportion of areas from each susceptibility level and the proportion of the landslides by overlaying the landslide distribution, as shown in Table 2. The evaluation results reflect a great difference. The levels of moderate, high, and very high are the landslide hazard areas. From the randomly generated non-landslide sample dataset, 86.17% of the landslides exist in 51.63% of the hazard area of LSM. For SOM, 80.19% of the landslides exist in 49.66% of the hazard area. For OC-SVM, 93.59% of the landslides exist in 73.15% of the hazard area. For SOM-OCSVM, however, 94.27% of landslides exist in 74.09% of the hazard area, with only 5.73% of landslides in the very low and low susceptibility areas. This confirms that the SOM-OCSVM can effectively obtain the areas with a small probability of landslide occurrence in the study area and hence better eliminate the influence of unstable slopes and unidentified landslides on LSM.
TABLE 2 | Landslide susceptibility levels and percentage of landslides in the study area.
[image: Table 2]To further validate the impact of non-landslide samples on ML-based landslide susceptibility evaluation (LSE), we compared four ML models: MLP, SVM, LGR, and RF. Table 3 shows in detail the AUC and Std of the four ML models for different non-landslide sample datasets. It can be seen that for the randomly generated non-landslide sample dataset, the AUC values are the lowest and the Std values are the highest. The non-landslide sample dataset, generated based on the SOM-OCSVM model, has the most elevated AUC values and the most reduced Std values of the four machine learning models. That is, the accuracy and stability of all four models increased sequentially as the non-landslide sample dataset changed. The result confirms that the non-landslide samples can affect the accuracy of the models driven by data, and that the non-landslide samples generated by the SOM-OCSVM method proposed in this study are reasonable and accurate.
TABLE 3 | AUC and Std of four machine learning models with different non-landslide datasets.
[image: Table 3]5 DISCUSSION
As stated in the introduction, most data-driven methods for predicting the distribution of areas of landslide susceptibility depend on data sets with both positive (landslide) and negative (non-landslide) data. However, the list of landslides obtained by remote sensing interpretations, field surveys, and historical records is incomplete. Therefore, unidentified landslides and unstable slopes may be mistakenly selected as non-landslides when the non-landslide samples are considered, which can affect the reliability of LSM. Based on results, the method proposed in this study can improve the reliability of the data-driven model-based LSM by providing reliable non-landslide samples.
There are differences in the performance of the four machine-learning algorithms (MLP, SVM, LGR, and RF) utilized in this work to estimate landslide susceptibility in the same study area. The RF outperformed the other models. It is impossible to find a general approach that applies to all regions. It is therefore necessary to evaluate and compare multiple methods and models in an integrated manner (Lv et al., 2022), or to integrate different algorithmic models (Dou et al., 2020). This will ensure the most suitable method for obtaining reliable LSMs and predicting the location of future landslides more accurately is found, thereby mitigating the damage and loss caused by such disasters.
6 CONCLUSION
In this study, we proposed a method combining SOM and OC-SVM (SOM-OCSVM) models to generate more reasonable non-landslide samples. Based on four ML models (LGR, MLP, SVM, and RF) established by the generated negative datasets (random, SOM, OC-SVM, and SOM-OCSVM), we performed LSM for the landslides of the Sichuan-Tibet Highway (G318). Model performance was compared using the ROC curve, AUC, and Std. The results show that the selection of non-landslide samples has great influence on the ML model performance in LSM studies, and the method presented in this study can effectively reduce the uncertainty surrounding negative data and significantly improve the performance of the landslide susceptibility model. This method of landslide susceptibility mapping may also be extended to regions with different geological conditions, which may in turn be helpful for further landslide prevention and mitigation.
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The effects of geohazards on the ecological environment and ecological spatial pattern have received wide attention from scholars. However, the positive role played by ecological restoration projects on the environment and in the reduction of geohazards has usually been neglected. Jiuzhaigou Valley Scenic Area is a world natural heritage area, has a high incidence of geohazards, and is a demonstration area for ecological restoration projects. Based on remote sensing technology, this paper adopted an InVEST model (Integrated Valuation of Ecosystem Services and Tradeoffs) and ecological landscape index to extract information about spatio-temporal changes in Jiuzhaigou from 2013 to 2020. This study utilized a quantitative analysis of the ecological recoverability of Jiuzhaigou in cases of artificial restoration and spontaneous restoration under different types of geohazards. Results showed that forests play a vital role in maintaining and controlling habitat quality; artificial restoration can significantly ameliorate the impact of geohazards on the scenic area. As of 2020, the forested scenic area recovered 3.868 [image: image], and the habitat quality index rebounded to 98.88% of the historical high. The ecological restoration project significantly shortened the scenic area recover time of its ecosystem service capability.
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INTRODUCTION
The evaluation of ecosystem services has guiding significance in promoting the coordinated development of regional construction and ecological environmental protection. Nature reserves are effective in maintaining biodiversity, improving the ecological environment and enhancing ecosystem service function (Maes et al., 2012; Van Vooren et al., 2018; Melzer and Bellingrath-Kimura, 2021). But natural reserves are vulnerable to human factors and geohazards. Among them, human impacts include the deterioration of the ecological environment caused by human disturbance; however, there is a benefit of human scientific management in ecological restoration. Therefore, analyzing the spatial and temporal evolution of regional ecosystem service functions not only helps to quantitatively assess the role of anthropogenic management after geohazards, which relates to the natural evolution of the gain, but also clarifies the value and significance of the scientific management system for ecosystem service functions.
Habitat quality is an essential condition in measuring ecosystem service functions within the environment. The InVEST model is widely used in the quantitative assessment of ecosystem services such as habitat quality, carbon storage, soil conservation, and water supply. Scholars have completed many regional habitat quality assessments based on the InVEST model. For example, Li Mengyao used the habitat quality module of the InVEST model and a GIS spatial analysis method to assess the spatial and temporal differences in habitat quality in Shiyan City to provide a theoretical basis for ecological restoration in earthquake-damaged areas (Li et al., 2021). Based on the InVEST HQ model, Wu Linlin estimated the spatial and temporal variation of GBA habitat quality from 1995 to 2015 and analyzed the potential factors that affected habitat quality (Wu et al., 2021). Aneseyee analyzed the spatial and temporal variability of habitat quality in different land-use types for the southern Ethiopian watershed (Aneseyee et al., 2020). Ding used FLUS (Future Land Use Simulation) and the InVEST model to establish a modeling framework to analyze the spatial characteristics and multiple scenarios of habitat quality in Dongying City (Ding et al., 2021). In conclusion, the InVEST model incorporates a relatively complete system in terms of habitat quality, and it helps to develop regional ecological planning and management strategies through a comprehensive assessment to deal with the damage of geohazards.
The spatial changes of ecological landscape patterns are closely related to the material and energy cycles among habitat patches, and the changes of their spatial patterns significantly affect the ecosystem service functions of the whole region (Sowinska-Swierkosz, 2017). It is clear that remote sensing technology has advantages of a wide range and high efficiency in analyzing ecological landscape pattern changes. Scholars mostly used remote sensing images to extract corresponding information and explore spatial pattern changes. For example, Maingi used Landsat MSS and other imagery data to obtain information on the dynamic change of the wetland area of the Tana River in Kenya. Then, he analyzed the link between human activities and wetland landscape changes and clearly indicated that human activities would cause changes in wetland landscape patterns (Maingi and Marsh, 2001). In combination with the ecological landscape index method and GIS technology, Liu Gui analyzed the ecological landscape changes in Poyang Lake Ecological Economic Zone from 1990 to 2005. He concluded that the degree of ecological landscape fragmentation in the study area increased and the overall degree of aggregation showed an upward trend (Liu et al., 2013). In a study of the landscape pattern, the calculated results of the landscape pattern index are mostly used for quantitative and qualitative analysis of the regional landscape pattern.
Using anthropogenic factors as the driving force, the process of interaction between human activities and nature reserves exacerbates changes in ecosystem service functions. Scholars mainly focus on anthropogenic disturbances to quantify and clarify the negative effects of anthropogenic disturbances on ecological service functions. They focused less attention on the accelerated restoration and gain effect of the ecological environment, which were generated by anthropogenic management. For example, Wenmin Hu used the water yield module of the InVEST model to explore the impact of a poplar ecological conversion (PER) project, and the results provided an important reference for the national government to formulate sustainable wetland ecological policies (Hu et al., 2020). Recently, human activities have overexploited natural resources. Coupled with the impact of geohazards (Liu et al., 2022; Qiu et al., 2022; Wang et al., 2022), the ecological environment has suffered serious damage. These conditions have had an irreversible impact on regional ecosystems and led to ecological and environmental problems such as land degradation, vegetation destruction and a loss of biodiversity. Human scientific management can not only rationally utilize natural resources, but also reduce the destructive power of geohazards.
In this paper, we used remote sensing technology to obtain information on land cover changes in Jiuzhaigou Nature Reserve and Scenic Area from 2013 to 2020. Specifically, we used the InVEST model to quantitatively estimate habitat quality and analyze its spatial and temporal evolution characteristics. Using the “7.26 mudslide” and the “8.8” Jiuzhaigou earthquake (Zhang et al., 2021) as a starting point, we focused on the comprehensive assessment of recovery of the native environment under anthropogenic management and natural recovery. Finally, we explored the impact of the ecological restoration project on the restoration of ecosystem services.
STUDY AREA AND DATA
Study area
Jiuzhaigou Valley Scenic Area is located in Jiuzhaigou County, Sichuan Province. It belongs to the Yangtze River system and its main ditch is more than 30 km long with a total area of 65,074.7 ha. Jiuzhaigou Valley Scenic Area includes a human-managed scenic area and a natural reserve without disturbance, as shown in Figure 1.
[image: Figure 1]FIGURE 1 | Geographical location of the study area. (A) Location of Jiuzhaigou in Sichuan Province. (B) Location of Jiuzhaigou in Jiuzhaigou County. (C) The study area in Jiuzhaigou.
The study area is the core site and corridor zone of the Minshan population of giant pandas and is a typical natural ecosystem. Because of the abundant animal and plant resources in the study area, species scarcity is outstanding and there is a high value of ecological protection, scientific research and esthetic tourism. However, Jiuzhaigou Scenic Area is located in an active crustal zone. Geohazards such as earthquakes, landslides and mudslides are frequent in Jiuzhaigou (Wang and Mao, 2022), which poses a great threat to the sustainable development of its ecosystem service functions.
The “7.26 mudslide” in 2016 and the “8.8 Jiuzhaigou earthquake” in 2017 both caused great damage to Jiuzhaigou’s infrastructure and ecological environment, and Jiuzhaigou’s tourism economy suffered a major blow as shown in Table 1. The data in Table 1 were derived from the national economic and social development statistical bulletin and statistical yearbook of Jiuzhaigou County. Because the earthquake epicenter was located at the core of the scenic area, the surrounding area of the scenic highway was seriously damaged by geohazards. According to statistics, 153 geohazards, including avalanches, mudslides, landslides, and unstable slopes, were developed in Jiuzhaigou Scenic Area because of the “8.8 Jiuzhaigou earthquake.”
TABLE 1 | Tourism economic statistics of Jiuzhaigou Scenic Area from 2013 to 2020.
[image: Table 1]After the “8.8 Jiuzhaigou earthquake,” the provincial government officially issued “the Overall Plan for the Recovery and Reconstruction of Jiuzhaigou” on November 4. Then, the Jiuzhaigou Administration invested 11.4 billion yuan and implemented a number of ecological restoration projects. The ecological restoration projects adopted the most advanced and environment-friendly technologies to repair 80% of the damaged area.
First, vibrofotation stone columns were used to reinforce the dam body and enhance the stability and bearing capacity of the dam. Second, the Jiuzhaigou administration used a Rock-Soil Anchoring Technique to reinforce the unstable part of the rock and soil. Third, Protophyta and sticky rice lime mortar were used to fill the dam body and restore its original plant ecological environment. Finally, the Jiuzhaigou administration adopted landscape design technology to restore the original landscape before the earthquake.
Data and data processing
The study dataset mainly contains satellite images, topographic data, spectral index data and the resulting extracted land cover dataset. All spatial data were uniformly converted to the WGS_1984_UTM_48N coordinate system and the specific methodological data information is shown in Table 2.
TABLE 2 | Data and parameters.
[image: Table 2]The Landsat-7 images for the study period were obtained from the USGS and covered the period from 2013 to 2020. Referring to Global Land 30, Jiuzhaigou was divided into ten land cover types including agricultural land, forest, grass land, shrub, wetland, water body, construction land, barren land, snow, and ice (Newbold et al., 2015; Camara, 2020).
We obtained samples from high-definition images using manual annotation and used a random forest algorithm to automatically extract land cover information in Jiuzhaigou (Svoboda et al., 2022). Two hundred samples were divided into two groups with a ratio of 7:3 for training and validation of the random forest model. The input features of the samples included band reflectance, a spectral index, and topographic features, and the specific feature information is shown in Table 2. The spectral features were calculated from annual synthetic cloud-free images, and DEM data were obtained from SRTM with a spatial resolution of 30 m. We selected images whose cloud cover fraction was lower than 20% in the study area from 2013 to 2020. We made the median mosaic synthesis of the images year by year to obtain the annual cloud-free images of Jiuzhaigou from 2013 to 2020. A total of 42 images (Table 3) were used in this paper, and the average cloud cover fraction was 13.72. The random forest classifier was used in this paper and achieved an overall accuracy of 81% and a Kappa coefficient of 0.77.
TABLE 3 | Date of remote sensing images.
[image: Table 3]RESEARCH METHODOLOGY
Habitat quality model
We used the raster of land cover types in the study area, the distance and weight between habitats and stressors, and the relative sensitivity of habitat types to stressors as input data (Terrado et al., 2016). We used the Habitat Quality module in the InVEST model to assess the quality of habitats in the study area.
The calculation formula is shown in Eq. 1:
[image: image]
In Eq. 1, [image: image] is the habitat quality index of the land cover type [image: image] and the raster [image: image]; [image: image] is the habitat suitability of the land cover type [image: image] and the raster [image: image]; [image: image] is the half-saturation constant; and [image: image] is the normalization factor and usually set to 2.5.
[image: image] is the degree of habitat degradation, which is exhibited by stressors and is calculated as Eq. 2.
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In Eqs 2–4, [image: image] is the habitat degradation of the land cover type [image: image] and the raster [image: image]; [image: image] is the number of stressors; [image: image] is the weight of the stressor; [image: image] is the number of grids of the stressor; [image: image] is the intensity of the stressor; [image: image] is the level of stress of the stressor on the grid [image: image] for x; [image: image] is the level of habitat disturbance resistance (1 is full accessibility); [image: image] is the sensitivity of stress factor [image: image] for the land type [image: image]; [image: image] is the linear distance between x and y; and [image: image] is the maximum action distance of the stress factor [image: image].
Selecting specific land cover types as stressors that destroy habitat quality, we established a link between stressors and land cover types, and we evaluated the effects of land cover type change patterns on habitat quality in the study area under multiple time phases. The parameters mainly included the influence distance and weight of the stressors (Table 4) and habitat suitability and sensitivity of land cover types to the stressors (Table 5).
TABLE 4 | Stress factors and their stress intensity.
[image: Table 4]TABLE 5 | Sensitivity of land-use types to habitat stress factors.
[image: Table 5]Ecological landscape index
In this paper, we selected eight landscape indicators (Table 6) to quantitatively analyze the landscape pattern of Jiuzhaigou Scenic Area and the nature reserve ecosystem from 2013 to 2020. All indicators reflected the spatial characteristics of the Jiuzhaigou landscape pattern including area, shape, degree of heterogeneity, and fragmentation of the landscape (Berglund et al., 2012; Haddad et al., 2015; Schroter and Remme, 2016).
TABLE 6 | Ecological landscape index and significance.
[image: Table 6]In Table 6, [image: image] is the number of patches of landscape i; A is the total area of all landscape areas of patches i; [image: image] is the total area of the landscape i; [image: image] is the length of the boundary of landscape i and j; [image: image] is the ratio of landscape i; [image: image] is the number of adjacent patches of landscape i and landscape j; and [image: image] is the number of similar and adjacent patches of landscape type i.
RESULTS AND DISCUSSION
Spatial and temporal changes in land cover
The combination of Figure 2 and Table 7 shows that the land cover in Jiuzhaigou was mainly forest, grassland and shrub. The land cover also contains a variety of cover types such as wetland, water body, agricultural land, barren land, and snow and ice. The spatial distribution characteristics of Jiuzhaigou are related to the topography and altitude of the area. Overall, the scenic area had fewer land cover types, mainly forest and water body, which have slowly changed. The nature reserve had a full range of cover types that are under the pressure of geohazards, and its land cover interchanged among forest, grassland, shrub, and barren land.
[image: Figure 2]FIGURE 2 | Spatio-temporal presentation of land cover in Jiuzhaigou.
TABLE 7 | Change of land cover area in Jiuzhaigou ([image: image]).
[image: Table 7]Figures 3 and 4 represent the main land cover changes in Jiuzhaigou Nature Reserve and Scenic Area during the study period. With the continuous development of tourism in Jiuzhaigou and a breakthrough in the number of tourists year after year (Table 1), the forest area continuously declined from 2013 to 2018. As of 2016, the forest area in the scenic area decreased 3.705 [image: image] and 5.96%, which was still smaller than the 14.95% of the nature reserve. As of 2018, the forest area in the scenic decreased by 6.109 [image: image] and 9.82%, which was still smaller than the 20.21% that occurred in the nature reserve. Due to the implementation of standardized management and ecological restoration projects, the forest area of Jiuzhaigou grew rapidly from 2019 to 2020. The area of the forest in the scenic area increased by 3.868 [image: image] and 6.9%, and the nature reserve increased by 71.5 [image: image] and 21.48%. The forest restoration status achieved the highest level in 2013, which indicates that rational development and ecological protection projects played a leading role in the change of forest cover.
[image: Figure 3]FIGURE 3 | Main land cover changes in the Jiuzhaigou Nature Reserve.
[image: Figure 4]FIGURE 4 | Main land cover changes in Jiuzhaigou Scenic Area.
In Figure 5, the forest in the scenic area landscape was converted to shrub, wetland, and water body during the study period due to geohazard stresses. As of 2016, shrub increased by 1.492 [image: image], wetland increased by 1.153 [image: image], and water body increased by 0.439 [image: image]. As of 2018, shrub increased by 2.31 [image: image], wetland increased by 1.351 [image: image], and water body increased by 1.184 [image: image]. Between 2018 and 2020, under the guidance of human management, the ecological environment of the scenic area gradually recovered. Areas such as shrub, wetland, and water body converted to forest, and they decreased by 1.623, 0.703[image: image] and 0.607 [image: image], respectively.
[image: Figure 5]FIGURE 5 | Spatial and temporal variation of main cover types in Jiuzhaigou Scenic Area: change in (A,D,G,J) shrub area, (B,E,H,K) wetland area, and (C,F,I,L) waterbody area.
The nature reserve is a vast area with a wide variety of cover, and damaged forest was converted to shrub, grassland, and barren land, while other cover types did not significantly change. Compared with the change of cover types in the scenic area, the increase of barren land in the nature reserve was most noteworthy. Up to 2016 and 2018, the area of barren land increased by 8.668 and 14.943 [image: image], respectively, with an increase of 70.43% and 121.42%, which indicated that there was a significant difference in the level of resistance between the scenic area and nature reserve in the same state of geohazards. The reasons for changes of the land cover species were closely related to the ecological suitability, pressure of geohazards and anthropogenic management.
Spatial and temporal changes in habitat quality
In Figure 6, the habitat quality service function in Jiuzhaigou from 2013 to 2020 showed obvious spatial differentiation characteristics. The high value areas of habitat quality service were mainly distributed along tourist attractions and surrounding areas, which had a vast area of forest (Table 2), perfect ecological protection measures and few habitat threat factors. The low value of habitat quality service was concentrated in the south of Jiuzhaigou, which had sparse vegetation cover and frequent geohazards. It was difficult to achieve systematic human management due to the high altitude, which has maintained the original ecology for a long time.
[image: Figure 6]FIGURE 6 | Spatio-temporal changes of habitat quality in Jiuzhaigou.
The habitat quality service function of Jiuzhaigou during the study period was divided into a declining period (2013–2018) and a recovery period (2019–2020). Both the “7.26 mudslide” in 2016 and the “8.8 Jiuzhaigou earthquake” in 2018 caused serious damage to the habitat quality service function of Jiuzhaigou, and its habitat quality index decreased significantly in 2016 and 2018. The “8.8 Jiuzhaigou earthquake” extensively affected the whole area of Jiuzhaigou, and the “7.26 mudslide” mainly affected the southern high-altitude area of the Jiuzhaigou Nature Reserve. This showed that habitat quality responded differently to different geohazard types and intensities. Different measures should be implemented for different types of geohazards.
Figure 7 and Table 8 show that between 2013 and 2020, the nature reserve and overall regional habitat quality index changed in a similar trend. Influenced by geohazards and compared with the previous year, the habitat quality index of the nature reserve decreased by 7.99% in 2016 and by 5.69% in 2018. Therefore, the frequency of geohazards was the main factor that limited the habitat stability of Jiuzhaigou.
[image: Figure 7]FIGURE 7 | Temporal variation of the Habitat Quality Index in Jiuzhaigou.
TABLE 8 | The change of the Habitat Quality Index in Jiuzhaigou from 2013 to 2020.
[image: Table 8]Under a guarantee of ecological restoration projects and the geohazards warning system, the impact of geohazards on the habitat quality of Jiuzhaigou Scenic Area was limited. Compared with the previous year, the habitat quality index of Jiuzhaigou Scenic Area decreased by 1.16% in 2016 and by 1.1% in 2018. Compared with the highest value of habitat quality in 2013, the nature reserve decreased 2.79% and the scenic area decreased 1.12% during the study period, which indicated that standardized management played a positive role in the recovery of ecological functions after geohazards. In a similar study, Mengist Wondimagegn used the InVEST model to assess habitat quality in the Kaffa biosphere reserve (Mengist et al., 2021). According to the comparison, the habitat quality index of the unmanaged biosphere reserve in the natural state decreased by 3% from 2009 to 2019, which was also much higher than the 1.12% decline of Jiuzhaigou Scenic Area in this paper.
Figure 8 shows that Heye Stockade, Sparking Lake, and Five-Flower Lake are the most famous attractions in Jiuzhaigou Scenic Area, and they are typical areas for human-managed ecological restoration. Comparing the overall area map and local map in Figure 7, we can see that many low habitat quality areas occurred in scenic areas in 2018 and they slowly disappeared until 2020. Therefore, to maintain the ecological service function of Jiuzhaigou, it is necessary to scientifically and legally manage the ecological environment of the scenic area, strengthen the construction and protection of the woodland, improve the overall quality of the ecological land, and thus improve the overall quality of habitat in the watershed.
[image: Figure 8]FIGURE 8 | Change of the Habitat Quality Index of the area of ecological restoration projects.
Figure 9 shows that the “8.8 Jiuzhaigou earthquake” in 2018 caused serious damage to Five-Flower Lake. From this, we can clearly see the huge destructive power of geohazards and the positive effect of ecological restoration projects.
[image: Figure 9]FIGURE 9 | Change of Five-Flower Lake: (A) before the earthquake, (B) after the earthquake, and (C) after the ecological restoration projects.
Ecological landscape pattern index changes
According to Tables 9 and 10, the number and density of patches in both the scenic area and nature reserve increased significantly during 2013–2018, while they decreased in 2019–2020. Similarly, the mean area of the patch and the largest patch index also showed a similar trend. However, the decrease of the mean area of the patch also led to an increase in the patch edge density. The degree of isolation between the plaques significantly increased. As a whole, the change of the ecological landscape pattern fragmentation degree took a turning point in 2018. The landscape fragmentation of the scenic area was more serious compared with the nature reserve and its landscape fragmentation phenomenon was alleviated in 2019–2020. Therefore, the internal connectivity and stability of the landscape of the scenic area was improved by implementation of standardized management and ecological restoration projects.
TABLE 9 | Ecological Landscape Index of Jiuzhaigou Nature Reserve from 2013 to 2020.
[image: Table 9]TABLE 10 | Ecological Landscape Index of Jiuzhaigou Scenic Area from 2013 to 2020.
[image: Table 10]In the above tables, the aggregation index and contagion index of the scenic area showed a decreasing and then increasing trend, and the values were higher than the nature reserve. Under the effect of standardized management, the scenic area had a faster recovery ability of fragmented landscape, which facilitated the formation of highly connected dominant patches. In addition, the Shannon’s diversity index directly represented landscape heterogeneity, and the diversity index of Jiuzhaigou Nature Reserve was relatively stable, while the landscape diversity index of scenic area showed an obvious trend of first increasing and then decreasing.
CONCLUSIONS
The evaluation results based on the InVEST model in this study directly and accurately revealed the Spatio-temporal evolution of habitat quality in Jiuzhaigou from 2013 to 2020.
1) The overall habitat quality index of the study area decreased significantly from 2013 to 2018 and recovered from 2019 to 2020. As of 2020, the nature reserve habitat quality index recovered to 97.21% of its highest value (2013), and the scenic habitat quality index recovered to 98.88% of its highest value (2013). Therefore, the ecological restoration projects effectively contributed to the restoration of habitat quality after geohazards.
2) The maximum decrease in scenic habitat quality compared to the early stage of the study (2013) was 2.65%, while the maximum decrease in nature reserve habitat quality compared to the early stage of the study (2013) was 9.06%. Thus, the ecological restoration projects effectively suppressed the damage of geohazards to the ecological environment of the scenic area.
3) Jiuzhaigou Scenic Area is mainly involved in tourism and cultural dissemination activities. The land cover type in the area was relatively homogeneous and mainly forest and water body. Therefore, the habitat quality in the scenic area was superior and stable. The landscape of scenic area is more likely to break but it had a stronger recovery ability than the nature reserve. The main way to improve the habitat quality and optimize the spatial pattern of the landscape was to restore the forest cover type.
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Ground fissures are widely developed in the Ethiopian Rift Valley, posing a major threat to the construction of the proposed Modjo−Hawassa (MH) Highway. The development characteristics, distribution, and communication law of ground fissures along the highway are studied using the comprehensive investigation method and technology. On this basis, the deformation mechanism and evolution of ground fissures are analyzed, which can provide geological support for the prevention and control of highway cracks in the area where ground fissures are developed.
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1 INTRODUCTION
The Ethiopian Rift Zone—the world’s largest East African Great Rift Valley fault collapse zone—is a roughly NW-SE depressed rift valley, with about 40–60 km width and 1 km depth, formed by crustal extensions resulting from the uplift of the mantle plume. Satellite monitoring data indicate that the Rift Valley nowadays undergoes expansion at a rate of 2.5–5 cm/y (Williams et al., 2004; Hoffman et al., 1997; Ebinger, 1989; Chorowicz et al., 1998; Ebinger et al., 2000; Wilson, 2000). In the context of active deep tectonic movements, the high and frequent occurrences of ground fissures have become a serious geological disaster and problem in the area, wreaking havoc on local transportation facilities, populated areas, and cultivated land.
In this paper, the distribution area of ground fissures at the fourth section of the Modjo−Hawassa (MH) Highway in Ethiopia is regarded as the research object. The distribution and development characteristics of typical ground fissures in this area are summarized, and preliminary analysis of the cause mechanism and evolution process of ground fissures is carried out through field investigation, remote sensing interpretation, engineering exploration, and laboratory tests. It can provide a reference for road engineering countermeasures in the area where ground fissures are developed.
2 OVERVIEW OF THE RESEARCH AREA
As shown in the geological map of Ethiopia in Figure 1 (Geological Survey of Ethiopia) (Ministry of Mines, 1976), the formation of the area is a binary structure: the upper part is covered by the Quaternary Holocene overburden of alluvial−proluvial powdery clay and silt, which is about 5–20 m thick, and the underlying stratum is the Magdala Group tufa of the Miocene series, where the rock mass is broken, unevenly weathered, soft, and full of visible air holes.
[image: Figure 1]FIGURE 1 | Geological map along the MH Highway.
There are many ground fissures along the MH Highway on the floor of the Ethiopian Rift Valley, most of which are secondary faults of the rift. These fractures are relatively short in extension and small in scale. Ground fissures were developed at 600 m to the right of main K169+600, the Arsi Negele connecting line, and the Shashemene connecting line. Basically, these upright fractures, with about 60–200 m length, 5–8 m width or so, and visibly 8–10 m depth, are the culprit of country road cracks. Moreover, a series of depressions and collapse pits are distributed like a string of beads in the K180 interchange area of the MH Highway.
3 CHARACTERISTICS OF GROUND FISSURES
3.1 Distribution and morphological characteristics of ground fissures
Ground fissures are widespread within the research area, most of which are secondary faults of the rift. These fractures are relatively short in extension and small in scale. The main locations and characteristics of 11 ground fissures discovered through investigation are listed in Table 1.
TABLE 1 | Location and morphological characteristics of ground fissures in the research area.
[image: Table 1]From the surface manifestation of fractures as a whole, it can be seen that the ground fissures in the research area can be divided into two types: exposed fissures and concealed fissures, which have the following characteristics.
3.1.1 Exposed fissures
Exposed ground fissures are divided into two types. As shown in Figure 2, the first type is the surface crack of linear extension, mostly horizontally ripped, and the stratigraphic dislocation on both sides is not obvious. It is generally 5.0–10.0 m wide, and the wall on each side is usually upright and takes on a wedge-shaped pattern of being wide at the top and narrow at the bottom in the profile. Generally, the depth from the surface to the fracture closure can reach a maximum of 20.0 m or so, and the fracture has a noticeable stretching direction. Figure 3 shows that the exposed fissure of the Arsi Negele connecting line linearly spreads from NW to SE in the same direction of the main Rift Valley’s tectonic line, indicating that the main Rift Valley structure has a significant controlling effect on the development of fractures.
[image: Figure 2]FIGURE 2 | Geographical location map of the MH Highway.
[image: Figure 3]FIGURE 3 | Arsi Negele exposed fissures.
The second type, as illustrated in Figure 4, presents a stripped collapse zone, and the strip extends in the direction of the main Rift Valley’s tectonic line, mostly represented by vertical subsidence. Such zones vary in widths and have a certain height difference with the original surface. The investigation reveals that this zone is covered with a sedimentary formation of certain thickness, suggesting that it is formed by the collapse of the stratum on both sides of the first type, namely, exposed fissure, after it becomes relatively stable in the later stage. The collapse zone of the outcrop-type ground fissure at the Shashemene connecting line shown in Figure 2 is about 100 m long, 20–40 m wide, and 10–15 m deep. According to local people, the pit began to appear in June 2017. The depth of the pit is about 15 m, indicating that the sinkhole zone has been reactivated.
[image: Figure 4]FIGURE 4 | Shashemene exposed fissures.
3.1.2 Concealed fissures
Concealed fissures are manifested as collapsed depressions in the plane modality. In a plane, it takes on the shape of an ellipse. The middle of the depression is wide and gentle, and the height difference with the periphery of the depression is normally 1.0–3.0 m. In the depressions, there often exist string-bead-like ground collapse pits, rounded on the surface and varying in diameters, and the maximum depth measures up to 10.0 m. As shown in Figure 5, the depression on the right side of the roadbed of the K165+700∼K166+450 section is about 500 m long, 50–80 m wide, and 6–8 m in height difference. Three collapse pits are observed on the right side of K166+300-400, which have a diameter of 3–5 m and a depth of about 4–5 m, and are only 10 m from the side boundary of the roadbed.
[image: Figure 5]FIGURE 5 | String-bead-shaped collapse pits on the right side of K166+300-400.
The collapsed depressions are elliptically distributed in the plane, and their long-axis direction coincides with the structural trend of the main Rift Valley. There are eight collapsed depressions in the interchange area of K179+400∼K181+466, as shown in Figure 6. A geophysical survey reveals that the depressions are interconnected by several parallel fissures, and the overall direction of the ground fissures is N45°E, which is consistent with the direction of the main Rift Valley structure, except for partial intersections.
[image: Figure 6]FIGURE 6 | Comprehensive geophysical prospecting result map of the K179+400∼K181+466 interchange area.
The ground cracks are currently exposed and concealed. The causes are the same. They are caused by the geological structure, but they are different in the form of expression.
3.2 Characteristics of ground fissure activity
3.2.1 Characteristics of ground fissure activity
Figure 7 illustrates the multi-year development characteristics of ground fissures in the vicinity of the Arsi Negele connecting line for the period 2004–2020. From the pictures, it can be seen that in 2004, there was a band-shaped collapse zone in the area, and distinct collapse and ground fissures had not appeared yet; in 2013, small-scale collapse pits and ground fissures appeared on both sides of the road; in 2017, these cracks kept developing, extending, and widening to the degree that existing roads were cut off and greatly damaged; and in 2020, the roads cracked again under the action of ground fissures despite being repaired and backfilled. Overall, the ground fissures remain in a state of developmental activity at the macro level. Therefore, from the changes in the cracks on the surface, it can be seen that the cracks on the ground are gradually developing and changing over time.
[image: Figure 7]FIGURE 7 | Ground fissure development of the Arsi Negele connecting line: (A) remote sensing images, October 2004; (B) satellite remote sensing images, November; (C) remote sensing images, December 2017; and (D) remote sensing images, October.
3.2.2 Seasonal characteristics of ground fissure activity
It can be inferred from the investigation and exploration results that the ground fissure activity has seasonal characteristics in the time series. To be more specific, their development is not obvious in the dry season, but they often showcase the features of sudden destruction or intensified development in the rainy season (National meteorological Agency of Ethiopia, 2001). In addition, short-term heavy rainfall will often lead to the reopening of concealed fissures or the formation of collapse pits, such as the Shashemene connecting line ground fissure. The ground fissure of the Arsi Negele connecting line developed at a faster pace and damaged the road after a strong rainfall in June 2017; the ground fissure at 700 m on the right of the main line K169+900 had not taken shape before May 2016, but a new ground fissure with a width of 5.0 m and a depth of 7.0 m formed at this location after a continuous heavy rainfall.
3.3 Geophysical characteristics of the ground fissure zone
The bedrock in the research area is dominated by tuffs, and the surface is mostly covered by the loose Quaternary overburden. The binary stratigraphic texture is simple, and the stratigraphic physical parameters are relatively stable and continuous. While in the locations where ground fissures and crevices are developed, the ground fissures cause discontinuities in the original stratigraphy or affect the geophysical characteristics of the rock and soil bodies situated in a certain range around them, such as forming geophysical anomalies, a condition good for geophysical prospecting (Wang and Liu, 2003a; Wang and Liu, 2003b; Wang and Liu, 2004). In this study, electrical prospecting and radon gas testing were carried out in the ground fissure area.
3.3.1 Electrical characteristics
The electrical prospecting results report that in the area without fracture distribution, the apparent resistivity value generally follows the rule of low to high from shallow to deep stratum, which is basically identical with the binary structure characteristics of the stratum, while the apparent resistivity of the area with developed fractures is notably different from the background field of the resistivity of surrounding strata. For exposed fissures, the apparent resistivity anomalies are generally high in the upper unfilled depth range at the center of the fracture, and the concealed fractures on the other hand present a remarkable zone of low-resistance anomalies.
Figure 8 shows the vertical electrical prospecting rate profile along the concealed fissure in the interchange area from K179+400 to K181+466. According to the exploration results, there are low-resistance anomalies in the DT230−DT310 and DT550−DT640 sections, both low-lying and having obvious collapse pits, which are thus deciphered as ground fissure development zones.
[image: Figure 8]FIGURE 8 | Typical profile of high-density electrical method in the K179+400∼K181+466 interchange area.
3.3.2 Radon gas characteristics
The fracture zone in the research area is a good migration channel for groundwater and gas, and the stratum contains thick, porous, and broken tuff. As a result, radon gas can easily leak out from depths to the surface, providing favorable geophysical conditions for inferring the development and distribution of ground fissures through radon gas concentration. The radon gas test carried out in the ground fissure development area demonstrates that the background value of the radon gas concentration in the research area is generally high, that is, 103–104 Bq·m-3 in the order of magnitude, but there are massive radon gas concentration anomalies in the vicinity of the fractures.
Figure 9 shows the radon gas test profile of the K179+400∼K181+466 interchange area arranged perpendicular to ground fissures. The test results show that the radon gas concentration is not highly abnormal near the development position of exposed ground fissures or collapse pits. This is mainly because the ground fissures are underground radon gas escape channels, but as the ground fissures have developed to the surface, radon gas in the soil leaks to the air, causing the radon gas value at the place directly above the fissures to be slightly lower than that of surrounding areas. So, the radon concentration curve at the location of the fissure is “M”-shaped. Around the fracture zone, the radon concentration will rise steeply, generally more than twice the background value, forming an anomaly zone of high radon concentration. The radon concentration profile fairly reflects the location of ground fissures. In this profile, two radon gas concentration anomalies exist within survey lines DQ40−DQ80 and DQ310−DQ400, wherein DQ40−DQ80 is the location of the collapse pit and DQ310−DQ400 is the location of the fracture zone where the rock masses are shattered and prone to collapse.
[image: Figure 9]FIGURE 9 | Typical profile of the radon gas test in the K179+400∼K181+466 interchange area.
3.4 Stratigraphic texture characteristics of the ground fissure area
Drilling and trenching the collapsed depression on the right of the section K165+700∼K166+450 in the research area are implemented, as shown in Figure 10. The typical drilling results show that the overlying soil is mainly loose, powdery clay and silt, and the core of the lower bedrock, namely, tuff, is basically fragmented, cracked, and porous. Among them, there is a loose layer emerging 9–19 m of the ZK4-1 borehole, and the drilling speed is fast. Other boreholes on the external side of the roadbed do not show any abnormality, which is judged to be the result of filling the main fracture with clay.
[image: Figure 10]FIGURE 10 | Exploration layout of the collapsed depression on the right side of the K165+700∼K166+450 section.
Trenching was carried out in the middle of the concealed fissure in section K166+300–k166+400. From the T3 trench in Figure 11, it can be seen that there are traces of developed fractures, mostly filled with gray clay. The engineering geological profile of the trench in Figure 12 reveals that the surface layer of the ground is covered with powdery clay, which is about 1–2 m thick at both ends, gradually deepening from the middle part until a maximum of 4 m. At the same time, there is a silt layer deposited at the lower part of the thickest part of the silty clay, as thick as 2 m in the middle, disappearing gradually on both sides. It can be seen that there are signs of later deposition in the stratum exposed in the middle of the trench.
[image: Figure 11]FIGURE 11 | TC3 trench.
[image: Figure 12]FIGURE 12 | Engineering geological profile of the TC3 trench.
The photograph of the TC4 trench in Figure 13 reveals that there are two collapse pits. During the wet season, the surface water converges into No. 1 collapse pit and flows away from its bottom, but the sound of the water flow can be heard in No. 2 collapse pit, implying that the bottoms of the two pits are unblocked. In addition, near No. 1 collapse pit, a small hollow with a depth of about 4 m and a fissure penetrating the ground are found in trench TC4. The engineering geological profile of the TC4 trench shows that the surface overburden is 1–2 m and composed of thick powdery clay, as shown in Figure 14. On the left side of the trench is a stratum consisting of only powdery clay and completely weathered tuff; in the transition to No. 1 collapse pit, a silt layer with a maximum thickness of about 2.5 m gradually appears. This is also caused by later collapse deposition.
[image: Figure 13]FIGURE 13 | TC4 trench.
[image: Figure 14]FIGURE 14 | Engineering geological profile of the TC4 trench.
4 EXPLORATION ON THE CAUSES OF GROUND FISSURES AND DEFORMATION MECHANISM
The formation and deformation processes of ground fissures in the Ethiopian Rift Valley are closely related to the strong tectonic activity of the basement, the stratigraphic texture, and the infiltration of precipitation. In general, the violent tensile and tectonic movement of the basement is the main controlling factor in the formation of ground fissures; unfavorable stratigraphic textures provide conditions for the formation of ground fissures; and heavy rainfall infiltration intensifies the formation process of ground fissures and exhibits different development patterns (Ayalew et al., 2004; Roberts et al., 2012).
4.1 Geological structure action
Ground fissures can be divided into tectonic fractures and non-tectonic fractures in terms of formation conditions. The Ethiopian Rift Valley area has a high incidence of ground fissures, which is bound up with the distribution of widely developed fractures in the valley (China Water&Power Press, 1980; Zhang, 1980). It is a typical area of tectonic fractures. Laike Mariana Asfaw (1982) investigated the distribution, generation, and development of ground fissures in Ethiopia from geological, geophysical, and tectonic aspects, compared and analyzed the ground fissures in the area with the seismic data of the same period, and concluded that the generation of ground fissures is influenced by the geological structure. Williams (2020) studied the scale and age of the tensional fracture swarm in the north of the Ethiopian Grand Canyon and arrived at the conclusion that the ground fissures are associated with the expansion of the East African Great Rift Valley.
The consistency of the planar distribution pattern and spreading direction of the ground fissures in the research area with the fault structure of the basement indicates that the basement structure appreciably controls the evolution of the ground fissures. It is the ferocious tensioning and priming of the basal geological structure that forms the basis for ground fissures, and the slow creeping expansion of the basement structure that leads to the tensional cracking of the overlying stratum is the main controlling factor of the occurrence of ground fissures in the research area.
4.2 Effects of stratigraphic texture
The surface overburden in the research area is dominated by silt, sandy soil, and breccia, which has the characteristics of a thin soil body, a large pore ratio, poor grading, a loose structure, and high permeability; the central rock mass is mostly composed of soft ignimbrite but with hidden tectonic fractures; the lower rock mass, being low in diagenetic grade, is where tensional fractures, cracks, and cavities are scattered and groundwater runoff channels are formed. According to the investigation, there are dense bedrock fractures in the research area, with an aperture varying from 3 mm to 200 mm (Cao and Li, 1986; Wang et al., 1986). The monotonous stratigraphic texture and the fractures and cavities in the underlying stratum provide an environment for water infiltration and creep, creating conditions for surface fissures and collapses.
On the right collapse depression of K165+700∼K166+450, 11 holes were drilled in the section of the highway. The drilling results revealed that a hole of 30 cm was found in the lower part of the collapse depression during drilling, with water leakage and no filling. Other boreholes in the vicinity were in a normal state, indicating that the cavities exist only in low-lying areas and have no impact on the roadbed and its vicinity.
Figure 15 shows an isobath map of the clay blanket in the collapsed depression, where the thickness of clay in the collapsed depression takes on a pot-bottom shape, indicating that it was formed due to the sedimentation of clay at a later stage.
[image: Figure 15]FIGURE 15 | Isobath map of the upper clay layer of the collapsed depression in the K165+700∼K166+450 section.
4.3 Effects of precipitation and water infiltration
The results of investigation in the research area suggest that the average annual rainfall in the ground fissure zones in the research area exceeds 400 mm (Geological Survey of Ethiopia). Meanwhile, the development of ground fissures is closely related to the process of short-term heavy rainfall, which may lead to the reopening of hidden fractures or the formation of collapse pits, indicating that rainfall constitutes an important causative factor of ground fissure development and deformation.
According to the surveys and visits paid to local residents, copious ground fissures in the research area are generated after acute heavy rainfall, such as the cracks at 700 m on the right side of the main line K169+900, of the Shashemene connecting line, and on the east side of the existing asphalt road. Moreover, at the investigation site, during the trenching near the concealed fissures of the K166+300 section, no obvious cavity was observed at the beginning of excavation. After the strong rainfall in this area, the soil about 2 m deep below the ground appeared to have collapsed into a hollow under the action of hydrodynamic force, and the hole became larger with the increase in rainwash time; at the same time, the sound of water flow was heard in the void, indicating that there was an unimpeded runoff channel beneath it.
As it can be inferred from the phenomenon of rain water converging into overland runoff, the surface water in the research area is mainly recharged by atmospheric precipitation. Due to the special stratigraphic texture of the project area, the surface water permeates rapidly through the loose sedimentary mantle and a great many bedrock fissures and quickly infiltrates and disappears even within a short period of time after heavy rainfall. In the process of infiltration along the cracks, the soil on both sides is scoured and eroded, and the fine particles are migrated through the underlying bedrock crevices, which damages the structure of the soil, loosens or destroys the soil, leads to the formation of cracks or pits, and gradually enlarges the opening of the cracks.
From the stratigraphic conditions revealed by drilling and trenching, it can be seen that underground erosion also occurred in the area of ground fissures. Wang Xiuyan and Liu Changli considered that if the soil inhomogeneity coefficient is greater than 10, the ratio of permeability coefficients of the upper and lower contact soils is higher than 2, and the seepage hydraulic gradient is larger than the critical hydraulic gradient of underground erosion (the hydraulic gradient is usually considered >5). It is susceptible to leakage and water creep (2003−2004). The stratigraphic conditions in the research area are basically same as the conditions for the occurrence of underground erosion, and the cavities exposed by trenching also prove the existence of underground erosion in the lower part.
4.4 Evolutionary characteristics of ground fissures
According to the stratigraphic texture revealed by trenching, the formation process of ground fissures can be analyzed as follows: first, under the action of tectonic movement and heavy rainfall, outcrop-type cracks are generated. Then, the loose soil begins to subside from the edges of the crack, and the topsoil on both sides will migrate and deposit to the fracture zone. As the composition of the clay granules is carried away by water, a sedimentary silty layer that is thin on the periphery and thick in the middle forms in the center of the fracture. Meanwhile, under relatively stable fracture activities, the fracture zone gradually develops into a collapsed depression, the middle part of which is easily accumulated with water that seeps into the openings of the ground fissures to generate a passage, causing the soil at the upper part of the fracture to subside. This is how collapse pits are formed. As a result, the surrounding soil is further and repeatedly accumulated and carried to the middle low-lying area to expand the collapse pits gradually. Figure 16 shows the ground fissure evolution. Moreover, the development and evolution of ground fissures in the research area are recurrent in nature.
[image: Figure 16]FIGURE 16 | Diagram of ground fissure evolution.
5 CONCLUSION
The main conclusions drawn by studying the ground fissures on the MH Highway in the Ethiopian Rift Valley are as follows:
1) The ground fissures are divided into two types: exposed fissures and concealed fissures, whose distribution and direction are closely related to the distribution of geological structures. The exposed fissures are crevasses or stripped collapse zones, and the concealed fissures are collapsed depressions and string-bead-like collapse pits.
2) The ground fissures are highly active, and their development process presents strong seasonal characteristics, that is, emerging or developing in the rainy season.
3) The ground fissures have significant geophysical anomalies, which are mainly manifested as low-resistance anomalies and radon gas anomalies through field exploration.
4) The violent tectonic activity of the basement (expansion of the East African Rift Valley) plays a controlling role in the generation of ground fissures. Meanwhile, adverse stratigraphic textures provide basic conditions for the development of ground fissures, and the infiltration and underground erosion resulting from heavy precipitation are important factors to aggravate the development of ground fissures.
5) In the ground cracks and collapse areas, the route should be taken as far as possible. For areas that cannot be avoided, try to adopt the form of roadbeds. Reinforcement should be performed during the process of road processing. If the bridge is needed, appropriate reinforcement and preventive measures should be taken to regularly monitor and adjust in time. The influence and erosion of groundwater are important causes of the induction of ground crack development and collapse. It is recommended to note ground drainage and flow measures in the cracks and collapse areas to limit the mining of groundwater.
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The upper reaches of the Jinsha River, with their complex terrain and active tectonic movements, are vulnerable to landslide-induced hazard chain events, which endanger the safety of residents and infrastructure construction. Based on the analysis of the development background of the hazard chain in the upstream area of the Jinsha River, five factors, including the lithology, distance to faults, distance to rivers, peak ground acceleration, and slope degree, were selected to identify the critical landslide-prone areas. Principal component and grey correlation analyses were then conducted to determine the contributions of these different factors. Based on ArcGIS, the study zone was categorized into five classes of landslide susceptibility: very high, high, moderate, low, and very low. The identification of the critical target areas for landslide hazard chain formation showed satisfactory accuracy. The very high- and high-susceptibility areas are concentrated along the Jinsha River. The dynamic process of a typical landslide in a very high-susceptibility area was numerically simulated using OpenLISEM. The high-precision Baige landslide data of the study area were used to calibrate the practicality of the input mass parameters, including cohesion, internal friction angle, D50, and D90. The movement and accumulation processes of a typical landslide were then numerically simulated with the verified data. The entire landslide accumulation covers an area of 0.45 [image: image], with a length of 1,600 m and a width of 270 m. Thus, the OpenLISEM model, which combines mass, topography, and landcover parameters, is feasible for the numerical simulation of landslide dynamic processes. The prediction of the dynamic processes and accumulation morphology of landslides can provide a reference for the formation processes and mechanisms of the landslide-induced hazard chain in the upper Jinsha River.
Keywords: landslide, susceptibility assessment, OpenLISEM, numerical simulation, Jinsha River
1 INTRODUCTION
Due to the compressed active fault zone and severe erosion of the valley shear, the Jinsha River basin exhibits unique fold mountains and deep valley geomorphology (Xu et al., 2018; Zhu et al., 2021). With the complicated lithology and steep slope degree, the upper reaches of the Jinsha River are vulnerable to landslide–dam breach–flood hazard chain events, e.g., the Baige (Fan et al., 2020), Sela (Zhu et al., 2021), Temi (Chen et al., 2021), and Guili (Xu et al., 2022) landslides, which threaten the safety of people and property upstream and downstream (Wei and Siming, 2020; Jin, 2021; Li et al., 2021). Therefore, the identification of critical areas and simulation of the dynamic processes of landslide hazard chain formation is critical in the upstream Jinsha River basin.
Field surveys are exceedingly difficult to perform in this region because the landslide disaster site is in a remote alpine canyon area with a harsh environment and limited access. Thus, high-precision ground observation technologies, including remote sensing, interferometric synthetic aperture radar (InSAR), and light laser detection and ranging (LiDAR), are used to identify landslide hazards (Lu et al., 2019). Moreover, Landsat, ALOS, Quick Bird, and other satellites with high-resolution images have been widely used for landslide identification; however, they only identify landslide hazards with clear deformation (McDonald and Grubbs, 1975; Sato and Harp, 2009; Youssef et al., 2009; García-Davalillo et al., 2014). InSAR with centimeter-high precision and all-weather surface observation technology can perform large-scale landslide identification and monitoring to build a landslide hazard inventory (Woods et al., 2020; Urgilez Vinueza et al., 2022; Zhang et al., 2022). Because of the satellite lateral imaging mode, the terrain may cause geometric distortion of SAR images, including perspective shortening, overlap, and shadow (Jie et al., 2018). LiDAR can not only directly obtain three-dimensional terrain coordinates to provide high-accuracy topographic images but also remove the effective influence of vegetation to obtain true ground elevation data (Gorsevski et al., 2016; Abdulwahid and Pradhan, 2017; Xu et al., 2019). However, LiDAR is not suitable for large-scale disaster identification due to its harsh operating conditions and high costs (Lu et al., 2019). Thus, while high-accuracy remote sensing technology has become an important means to obtain landslide hazard information, the reliability of remote sensing data interpretation and the accessibility and costs of high-precision image data remain issues in landslide risk assessment. In addition to satellite sensing technology, scholars have proposed statistical models for landslide susceptibility assessment, with remarkable results (Song et al., 2012; Xu et al., 2013; Khan et al., 2019; Liu D et al., 2021; Yong et al., 2022). Models such as the information quantity model (Yang et al., 2018), the weight-of-evidence model (Wang et al., 2016), the logistic regression model (Xing et al., 2021), the analytical hierarchic process (Yoshimatsu and Abe, 2006), and the principal component analysis (Chang et al., 2014) have demonstrated excellent accuracy. Based on the rich results in the selection of evaluation factors, the weight of the factor determination, and the construction of the evaluation model, the present study applied mathematical statistics to identify the key target areas of landslide hazards to not only objectively analyze the assessment of regional landslide disaster susceptibility but also the relationships and impact degrees of slope failure factors.
Many numerical simulation tools for the simulation of landslide dynamic processes are effective for the analysis of landslide hazards. Pastor et al. (2021) and Ouyang et al. (2019) used the depth-integrated continuum method for the dynamic simulation of debris and landslides. Based on the discrete element method An et al. (2021) established an adapted Hertz–Mindlin contact model between particles and the ground surface to accurately simulate the landslide dynamic process. Zhang et al. (2012) simulated the entire process of failure and instability of the Jiweishan high-speed remote landslide in Chongqing via PFC 3D software. Smoothed particle hydrodynamics (SPH) based on Lagrangian particle-based meshless methods have been widely employed in applications in geotechnical engineering (Peng et al., 2019; Zhu et al., 2020). The depth-integrated continuum and discrete element methods consider the landslide body as a fluid and can efficiently simulate the landslide motion and accumulation processes. However, they cannot easily simulate the initial failure mechanism and triggering factors such as the erosion and volume expansion processes due to the disaggregation and fragmentation of the rock mass (Wen-Jie et al., 2021). The landslide movement process is affected by many factors, including mass composition, trigger mechanism, and vegetation environment. The above numerical simulation methods do not consider the interaction between the material source and the environment during the movement process. Aiming to precisely assess the landslide dynamic process, the present study used OpenLISEM to perform the numerical simulations. OpenLISEM divides the research area into several grids of equal size; inputs corresponding terrain, vegetation, and material source parameters into different grids; couples the distributed basin hydrological and two-phase flow models; compares the slope, ground roughness, and other parameters of adjacent grids; and simulates disaster processes such as landslides, debris, and flash floods (OpenLISEM manual 2017, https://lisemmodel.com).
The complete geohazard chain includes potential hazards, primary hazards, secondary hazards (series), and hazard-bearing bodies (Peng and Jian, 2021). This study identified potential geatators by hazard susceptibility assessment and researched the dynamic process of the primary hazard by numerical simulation. Based on remote sensing and field investigation data, the weights of the landslide factors were determined via principal component analysis and the grey correlation degree method. A landslide susceptibility evaluation model was then constructed to identify high-susceptibility landslide areas. Based on the vulnerability assessment, the key target areas of landslide hazards were numerically simulated in OpenLISEM to obtain the movement process and accumulation form of landslides, and to provide a reference for a landslide–dam breach–flood disaster chain prevention in the upstream area of the Jinsha River.
2 STUDY AREA
The study area is situated in the upper Jinsha River valley, at the intersection of Tibet and Sichuan, and covers an area of 60,352 [image: image]. The geographic coordinates are 97.33°E–99.94°E and 28.68°N–32.73°N (Figure 1). The terrain is characterized by “V”-shaped gullies in the high-mountain region, which is severely affected by river erosion. The elevation of the study area ranges from 2092 to 6,088 m. Based on the genesis, the geomorphic types in the study area can be divided into five types: erosion accumulation, structural erosion, structural denudation, structural dissolution, and glacier geomorphology (Bai et al., 2014). The main fault strikes have a northwest-southeast orientation. The lithology of the study area is complicated, including marine Upper Triassic system, Ordovician granite, Cretaceous granite, Quaternary sandstone, Permian, Triassic, Paleogene, and Jurassic systems.
[image: Figure 1]FIGURE 1 | Location of the study area.
The study area has highland climates with an average temperature of -4.9°C–7.8°C. Furthermore, due to the high terrain and strong solar radiation, the area is cold and dry with 53–67% relative humidity, an annual average rainfall of 387.0–657.6 m, and an average of 100.3–169.8 days of precipitation. The rainy season is from May to October, accounting for more than 90% of the annual rainfall. Snow is the main form of precipitation in the region, and the daily rainfall in most areas is 50 mm. Additionally, the vegetation is mainly grassland and swamp meadows (Wu, 2007).
3 DATABASE AND METHOD
3.1 Susceptibility assessment
3.1.1 Factor sources
Landslide susceptibility mapping is essential for identifying areas with high landslide risk. In this study, the landslide inventory with a total of 635 hazard points was extracted from the Resource and Environment Science and Data Center (RESDC) of the Chinese Academy of Science. Based on previous research, the specific characteristics of the study region, including lithology, distance to the fault, distance to the river, and peak ground acceleration (PGA), were selected to assess the landslide susceptibility (Table 1). The lithology and fault were obtained from the RESDC of the Chinese Academy of Science, while the river data were obtained from the Open Street Map. The fault and river buffer distances were calculated using the surface analysis tools in ArcGIS. The slope data were extracted from the digital elevation model (DEM) downloaded from the advanced land observation satellite (ALOS) with a resolution of 12.5 m × 12.5 m. The influence degree of seismic intensity was reflected by PGA extracted using the seismic ground motion parameter zonation map of China (GB18306 2015).
TABLE 1 | Data sources.
[image: Table 1]3.1.2 Factor classification
The geographic information system (GIS) was used to show the terrain features of the lithology and other factors. The hazard inventory, combined with the five evaluation factors, was digitized and stored in the GIS. The classification of the five factors in this study is shown in Figure 2. The lithology composition in the study area is sophisticated. Herein, it is divided into five categories: soft rock (I), half-soft rock (II), half-hard rock (III), hard rock (IV), and others (V), which include loose deposits, complex structural surfaces, and unknown rock. Landslides are mainly located in soft rock composed of siltstone, sandstone, etc. because these rocks are vulnerable to external forces (Figure 2A). The faults are densely distributed in the study area. This study selected the Jinsha-Honghe fault as the main research target. The rock near the fault zone is relatively broken and has poor stability. The landslide activity intensity decreases with increasing distance from the fault (Figure 2B). The surface stream deepens in the valley in the study area through erosion and transportation, producing favorable conditions for hazards. More than 50% of the hazards are located within 4 km of the river (Figure 2C). PGA was used to represent the magnitude of the earthquake intensity and was divided into <0.15, 0.2, and 0.3 g. According to the seismic intensity map in the spatial distribution, most landslides are mainly concentrated in areas of high earthquake intensity (Figure 2D). The slope gradient was obtained using the 3D-analysis slope tool in ArcGIS. The landslides are concentrated in regions ranging from 10° to 40° (Figure 2E).
[image: Figure 2]FIGURE 2 | Factor distribution in the study area: (A) lithology, (B) fault, (C) river, (D) PGA, and (E) slope.
3.1.3 Factor weight calculations
According to the landslide intensities for the selected factors, a score was given to the different intervals of each evaluation factor (Table 2). The discriminant coefficient matrix of the landslide inventory in the study area and factors is shown in Table 3.
TABLE 2 | Numbers and densities of landslides in the study area.
[image: Table 2]TABLE 3 | Discriminant coefficient matrix of landslides in the study area.
[image: Table 3]The contribution degrees of the five factors were obtained via principal component analysis (Chang and Tang et al., 2014). The discriminant coefficient matrix (Table 3) was imported into SPSS software for principal component analysis to obtain the contributions of the factors. The first four factors, i.e., lithology, faults, rivers, and PGA, contributed to >80%. Lithology was the most influential factor and was, therefore, selected to determine the contribution of the other factors (Table 4).
TABLE 4 | Composition matrix table of landslide factors in the study area.
[image: Table 4]The grey correlation analysis (Wei et al., 1998) mainly determines the correlation between the dominant factor and the other four factors. When the variable was transformed into dimensionless data, the outcome was a coefficient matrix of factors and initialized data. From this, the absolute D-value Eq. 1was calculated:
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where i=1,2… …m; k=1,2,… …n; [image: image] =coefficient matrix of factor lithology; and [image: image] =absolute value. The extreme of the matrix ([image: image]) was obtained via Eq. 2 
[image: image]
The correlation coefficient of the evaluation factors was calculated using Eq. 3:
[image: image]
where [image: image] is the correlation coefficient and [image: image] is the distinguishing coefficient, which takes 0.5 as the value. The size of the value can control the data transformation and significant differences in the correlation coefficients. The greater the correlation between other factors and the dominant factor, the greater the impact on geological disasters. The weights of the evaluation factors are shown in Table 5.
TABLE 5 | Related coefficients and weights of landslide factors in the study area.
[image: Table 5]3.1.4 Model generation
Five-factor raster maps with 12.5 m resolution were constructed using GIS. The values of the factor raster were calculated using the Raster Computing Tool. The final model was established using these factors.
[image: image]
where i = 1, 2……5, R is the value of landslide susceptibility evaluation, [image: image] is the value of the landslide in Table 2, and [image: image] is the weight of the landslide in Table 5.
According to the value of R, the susceptibility degree of the study area can be divided into three categories: very low (R ≤ 2), low (2<R ≤ 2.5), moderate (2.5 < R ≤ 3.5), high = (3.5 < R ≤ 4), and very high (R >4) susceptibility.
3.2 Landslide numerical simulation
3.2.1 Theory
To better simulate the dynamic process of critical landslide hazards, a discrete numerical modeling method was applied using the open-source software OpenLISEM, which requires the subdivision of both space and time into a discrete set of locations (https://lisemmodel.com). Originally, OpenLISEM was a physically based numerical model designed to simulate event-based runoff, flooding, and erosion on a catchment scale. By combining solid and water runout flow equations, OpenLISEM includes a series of dynamic hydrological processes, such as precipitation, interception, surface flow, splash detachment, erosion, and sediment transportation. Many revisions and additions have subsequently been incorporated into the OpenLISEM application. OpenLISEM was further developed as a multi-hazard model, including groundwater flow, slope stability, slope failure, mass movements, deposition, entrainment, and earthquake effects (Pudasaini, 2012; Bout et al., 2018; Scaringi et al., 2018). Furthermore, the model incorporates the iterative slope failure method based on a modified infinite slope mode. The conventional infinite slope model predefines the bottom of the soil layer as the potential slip surface, while the iterative method iteratively searches the potential slip surface. The equation for determining the factor of safety (FOS) is
[image: image]
where [image: image] and [image: image] (kpa) are the effective soil cohesion and root cohesion, respectively; [image: image] and [image: image] ([image: image]) are the soil and water densities, respectively; [image: image] is the effective saturation level of the soil; [image: image] (m) is the soil depth; [image: image] (°) is the slope angle; and [image: image] (°) is the effective internal friction.
The two-phase runout flow within OpenLISEM is a combination of water and solid dynamics (Pudasaini, 2012). Using it, landslides, water flow, and debris flow can be simulated, including their interactions. The full momentum source terms for both the fluid and solid phases are as follows:
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where [image: image] and [image: image] ([image: image]) are the momentum source terms for the solid and fluid phases, respectively; [image: image] and [image: image] are the volume fractions for the solid and fluid phases, respectively; [image: image] ([image: image]) is the pressure at the base surface; [image: image] (m) is the basal surface of the flow; [image: image] is the Reynolds number; [image: image] is the quasi-Reynolds number; [image: image] is the drag coefficient; [image: image] is the density ratio between the fluid and solid phase; [image: image] ([image: image]) is the vertical shearing of fluid velocity; [image: image] is the aspect ratio of the model; and [image: image] ([image: image]) is the vertical distribution of [image: image].
3.2.2 Data input and calibration
This study ignores the interception model. Therefore, the input data of the OpenLISEM model can be divided into three categories: landcover, mass, and topography parameters.
The landcover parameters include land-use type, vegetation cover (vegc), vegetation height (ch; m), and leaf area index of the plant cover in a grid cell (lai; [image: image]). Land-use type and ch were obtained from Wang et al. (2012). The upper reaches of the Jinsha River are mainly grassland and farmland. Based on ArcGIS software, vegc was obtained from the linear range of NDVI (normalized difference vegetation index) from Landsat remote images (http://www.gscloud.cn/search). Finally, lai was derived as follows (Choudhury, 1987; Choudhury et al., 1994):
[image: image]
Topography parameters such as the slope, sine of slope gradient in the direction of the flow (Gradient), random roughness (RR), local surface drainage direction network (LDD), and main catchment outlet corresponding to LDD (Outlet) can be derived from the DEM using the PCRaster program. Manning’s index, another topography parameter, was obtained using the OpenLISEM Manual (2017), according to land use (Wang, 2018).
The mass parameters numerically used in the simulation include mass depth (mm), initial moisture (-), cohesion (kpa), internal friction angle (radians), porosity (-), density ([image: image]), and D50 and D90 ([image: image]). The mass depth is calculated based on the empirical formula reported by Tang et al., 2012:
[image: image]
where T is the average soil depth (m) and [image: image] is the landslide area ([image: image]).
It is difficult to directly obtain accurate values for the other mass parameters due to the limitations of field testing technology. On October 10 and November 3, 2018, two large landslides near Baige village occurred in the same location on the right bank of the Jinsha River (Figure 5). Many scholars performed field investigations, and research on the slope failure mechanisms and parameters showed inversion in the Baige landslide, which provided a valuable opportunity to adjust parameters (Ouyang et al., 2019; Chen et al., 2021; Xu et al., 2021; Zhou et al., 2020; Zhao et al., 2020; Zhang et al., 2020; Zhou et al., 2022; Liu X et al., 2021; Sun, 2021; Wang et al., 2019). The first Baige landslide was successfully simulated using the OpenLISEM program. The results were consistent with the modeling performed by Ouyang et al., 2019 (Figure 3). The appropriate parameters were obtained by numerically simulating the first Baige landslide event, as shown in Table 6.
[image: Figure 3]FIGURE 3 | Deposit thickness of the first Baige landslide: (A) actual result and (B) numerical simulation.
TABLE 6 | Calibrated landslide mass parameters in the study area.
[image: Table 6]4 RESULTS
4.1 Critical landslide identification
To identify the critical areas for landslide hazard chains, factors such as lithology, fault, river, PGA, and slope were selected for the landslide susceptibility analyses. The five landslide factors were weighed via principal component and grey correlation analyses. Table 5 shows that lithology has the greatest impact on the landslide hazard chain, with a weight value of 0.33, while PGA has the least impact, with a weight value of 0.07. Fault, river, and slope have weights of 0.2, 0.27, and 0.13, respectively. Consequently, the R-value reflecting the landslide susceptibility ranges from 1.33 to 5, which is classified into five groups (Table 7). Very high and high susceptibility areas account for 45.42% of the total area. However, the area accounts for 75.28% of the landslides. To verify the reliability and applicability of the model for the vulnerability evaluation of landslide hazard points in the study area, ROC (receiver operating characteristic) curve and AUC (area under the curve) values were selected for testing. The ROC curve is an effective method to evaluate the performance of the classification algorithm; that is, the relationship between the simulated and sampled values. The horizontal axis is the cumulative value of the false positive rate (FPR), which indicates the proportion of susceptible areas, and the vertical axis is the true positive rate (TPR), which indicates the cumulative value of the proportion of disaster points. The AUC value represents the area between the ROC curve and the abscissa axis and, with values in the range of [0.5,1], it indicates the good fitting effect of the model on the processed data. Figure 4 shows that the AUC value of this model is 0.70.
TABLE 7 | Statistics of landslide susceptibility in the study area.
[image: Table 7][image: Figure 4]FIGURE 4 | ROC curve.
These results demonstrated the high evaluation accuracy of the susceptibility assessment model. The landslide susceptibility distribution map in the Jinsha river upstream is shown in Figure 5. The very low and low susceptibility areas are mainly located in the northeast and southwest of the study area, mainly covering the Dege and Mangkang counties. The moderate susceptibility area is very dispersed and primarily located in central Batang county and the western area of Dege county. The very high and high susceptibility areas with the largest floor areas are located near the main stream and tributaries of the Jinsha River.
[image: Figure 5]FIGURE 5 | Landslide susceptibility map in the study area.
Based on the susceptibility assessment results, the Litang landslide area with very high susceptibility was selected as a critical hazard for the numerical prediction simulation (Figure 6). The landslide shape was obtained from Cui et al. (2020).
[image: Figure 6]FIGURE 6 | Critical landslide location in the study area.
4.2 Dynamic numerical simulation
The Litang landslide, with an area of 1.32 [image: image], is located near the Baige landslide. Based on Eq. 7, the mass average soil depth is 15.2 m. Based on the GIS platform, the mass, topography, and landcover parameters were converted into a “map” file by QGIS and PCRaster. These map data were then input into OpenLISEM for numerical simulation.
According to the simulation results, Figure 7, which is plotted at 20s intervals, displays the entire dynamic process of the landslide from startup to relative stability, which occurs in approximately 100 s. At the initial stage of the landslide dynamic process, the rock mass encounters stability failure and begins to slide along the bedrock surface. From time t = 0–20 s, the landslide body slides downstream in the northwest direction with an average velocity of about 12 m/s (Figure 7A). From t = 20–40 s, the landslide movement is uniform with an average velocity of 15 m/s (Figure 7B). The mass at the front edge of the landslide reaches the Jinsha River at t = 40 s. The main acceleration stage refers to the period from t = 40–80 s, and the peak value of the velocity reaches approximately 59 m/s (Figure 7C). During this period, the rock mass is divided into two parts,i.e., upstream and downstream, due to the influence of the watershed in the central section of the landslide. The deceleration stage refers to the period between t = 80–100 s Figure 7D). During this stage, the average velocity of the rock mass near the upstream part approaches zero, while the average velocity of the rock mass near the downstream part is <10 m/s. Simultaneously, some of the mass materials reach the Jinsha River, and the upstream part of the mass begins to form a barrier dam. When t = 100 s, the accumulation stage is complete, and the landslide nearly stops. A large volume of the mass is deposited in the valley within this period (Figure 7E).
[image: Figure 7]FIGURE 7 | Velocity of the landslide movement: (A) t = 20 s, (B) t = 40 s, (C) t = 60 s, (D) t = 80 s, and (E) t = 100 s.
As shown in Figure 8, the entire landslide dam covers an area of 0.45 [image: image], with a length of 1,600 m and a width of 270 m. Due to the terrain, the final accumulation of the landslide includes two barrier dams with an average thickness of 17 m, which are thin on the sides and thick in the middle. The maximum accumulation thickness is higher on the upstream side relative to the downstream side of the dam (upstream, 55.32 m; downstream, 44.33 m).
[image: Figure 8]FIGURE 8 | Thickness of the landslide movement: (A) t = 20 s, (B) t = 40 s, (C) t = 60 s, (D) t = 80 s, and (E) t = 100 s.
5 DISCUSSION AND CONCLUSION
This study used susceptibility assessment to identify an area with high susceptibility for a landslide, which was numerically simulated using an OpenLISEM model, to provide a reference for geological hazard prevention in the upper reaches of the Jinsha River.
For susceptibility assessment, the landslide inventory and five hazard factors, including lithology, fault, river, PGA, and slope data, were digitalized and categorized in the ArcGIS model. Based on the landslide intensity in the classification of the five factors, the discriminant coefficient matrix of landslides in the study area was constructed. Principal component and grey correlation analyses were performed to calculate the weights of the factors, which indicated that lithology had the largest impact on landslides. Furthermore, an assessment model was established. The susceptibility results indicated that the high-susceptibility zone accounts for 45.42% of the total area but comprises 75.28% of the landslide numbers, which are located near the main stream and tributaries of the Jinsha River. Therefore, the susceptibility map not only can be used as a basic tool for critical landslide identification but also helps in land use planning. A lack of accurate factor measurements may affect the precision of the factor data. Despite the limitations mentioned above, the ROC curve results showed that the proposed method has the potential for risk reduction in the study area. Moreover, we performed susceptibility analysis for one model. Quantitative and qualitative models are increasingly applied to research on landslide susceptibility, with continued improvements. Landslide hazard data provide important information for susceptibility assessment. However, due to technical limitations, additional research is needed on hazard risk evaluation in areas lacking landslide hazard data.
According to the susceptibility assessment results, the Litang landslide from the high-susceptibility area was selected as a typical hazard for simulation by OpenLISEM. Using the landslide that occurred in Baige on October 10, 2018, as an example, the mass parameters were calibrated to be inconsistent with the movement of the Baige landslide. Then, the mass, topography, and landcover parameters were input into OpenLISEM. The landslide dynamic process simulation was completed in approximately 100 s and comprised four stages: initial start-up, acceleration, deceleration, and accumulation. In the acceleration period, the landslide body was divided into two parts due to the terrain. The entire deposition covered an area of 0.45 [image: image], with a maximum thickness of 55.32 m. The numerical simulation analysis of the Baige and Litang landslides showed that OpenLISEM can be applied to the research and analysis of landslide movement. Using the PCRaster platform, OpenLISEM has good compatibility with the GIS platform, which can provide a reference for further analysis of secondary disaster evolution research (based on the GIS platform). OpenLISEM model simulation requires a large amount of accurate data, and some areas cannot be used for simulation studies of landslide dynamic processes without good simulation data.
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Test type Sample

number
Indoor test
ZKo1
ZK02
7K03
ZK04
ZK05
7K06
Number of 6.00
statistical samples
Maximum
Minimum

Average value
Standard deviation
Coefficient of variation

Calculation process

Statistical correction coefficient

Standard value

Natural

‘Water content
W (%)

21.70
23.60
2030
21.00
2380
18.70
6.00

2380
18.70
2152
1.96
0.09
245
36.00
070
013
0.08
092
19.90

Severe
(KN/m3)

18.84
1923
1874
18.13
19.54
19.52
6.00

19.52
18.54
19.00
036
0.02
245
36.00
070
013
0.02
0.98
1870

Saturated

Water content
W (%)

2505
2552
2136
2255
2549
2058
6.00

2552
2058
2343
221
0.09
245
36.00
070
013
0.08
092
21.60

Severe
(KN/m3)

20.40
2031
20.70
20.40
2031
20.89
6.00

20.89
2031
20.50
024
001
245
36.00
070
013
001
099
20.30

Density

Natural density ~ Saturation density

(g/em3)
1.82
186
1.81
1.85
179
189
6.00

1.89
179
1.84
0.04
0.02
245
36.00
0.70
013
0.02
0.98
1.81

(gem3)
1.98
197
201
1.98
197
203
6.00

203
197
199
0.02
0.01
245
36.00
0.70
013
0.01
0.99
197

Proportion Void

Gs

1.98
197
201
1.98
197
203
6.00

203
197
199
0.02
001
245
36.00
070
0.13
001
099
197

ratio

0

0.68
0.69
0.58
0.61
0.69
0.56
6.00

0.69
0.56
0.63
0.06
0.09
245
36.00
0.70
0.13
0.08
0.92
0.59
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Statistical table of mechanical performance parameters test results in landslide area (undisturbed soil)

Test number Sampling depth(m) Natural Saturated
Cohesion Internal friction angle Cohesion Internal friction angle
c ¢ c ¢
kPa ° kPa °
ZKo1 0-140 1460 24.60 10.80 19.10
ZK02 0-290 12,00 25.50 10,50 1930
ZK03 0-17.0 1400 24.90 9.80 18.60
ZK04 0-280 1210 25.20 1110 19.60
ZK05 0-140 12,60 25.40 9.30 2070
ZK06 0-17.0 1320 25.60 9.10 19.90
Number of statistical samples 6 6 6 6
Maximum 1460 25.60 1110 2070
Minimum 1200 24.60 9.10 1860
Average value 13.08 25.20 10.10 1953
Standard deviation 105 038 082 072
Coefficient of variation 0.08 002 0.08 004
Calculation process 245 245 245 245
36.00 36.00 36.00 36.00
070 070 070 070
013 013 013 013
007 001 007 003
Statistical correction coefficient 093 099 093 097

Standard value 1222 24.88 9.42 1894
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Debris flow partition Movement distance (m) Actual distance (m)

Formation area Movement area Accumulation
F-E-F Frictional Frictional Frictional 1,100 950
F-V-V Frictional Voellmy Voellmy 820
F-V-F Frictional Voellmy Frictional 930

F-F-V Frictional Frictional Voellmy 820
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Topp model
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Correlation
coefficient

Parameter Unstandardized Standard
coefficients coefficient
B Standard error  Beta

(constant) ~104.820 7.366

Water content  1.667 0098 0608

Dry density 47.257 5389 0314

Temperature 0936 0068 0493

0622
0334
0498

t value

-14230
16.998
8770
13.792

p value

0.000*
0.000%
0.000%
0.000%

Collinearity
statistics

Tolerance
0999

0.999
1.000

VIF

1.001
1.001
1.000

represents p < 0.05 (significant correlati

means variance inflation factor, when tolerance >0.2 and VIF < 5, there is no multicollinearity).

), e

Notes: B represents the regression coefficient; Beta represents the standardized partial regression coefficient, the larger the absolute value, the higher the degree of influence; t represents the
significance test of the regression coefficient; p represents the significance level, and

means p < 0.01 (very significant correlation); VIF
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Maximum dry Optimal water Liquid limit Plastic limit Specific gravity Natural water Natural density
density (g.cm™) content (%) (%) (%) (Gs) content (%) (g.cm™)

143 29.1 532 289 273 223 175
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Model codes Single learner R2_stand

Weak learner 1 Weak learner 2 Weak learner 3 Weak learner 4 Weak learner 5
M1 | ADBT EIN HBR KNN | SGD 08746
M2 ADBT ELN HBR KNN SVM | osmas
M3 EIN HBR KNN SGD SVM 08746
M4 | EIN [ HBR KNN SGD | RER | osw
M5 HBR KNN SGD SVM RFR 0949
M6 [ EIN HBR KNN SGD GBDT 09608
M7 HBR KNN SGD sVM GBDT 09608
M8 ELN HBR KNN SGD ETR 09621
M9 [ HBR KNN SGD SVM ETR 09621
M10 ELN HBR KNN SGD MLP 0.9681
Mil | HBR [ KNN SGD SVM | MLP | osem
M2 KNN SGD SVM MLP RER 0.9681
M3 KNN SGD SVM MLP ETR | osem
Mi4 | SGD [ SVM MLP RER | ETR oo
Mis SVM MLP RER ETR GBDT 09681
Mi6 | SGD [ SVM MLP RER | GBDT | osem
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Susceptibility class Area covered (%) Number of landslides (%)

Very low | 178 047
Low [ 817 | 252
Moderate 44.63 2173
High 2841 29.61

Very high 17.01 45.67
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Cohesion (kpa)  Internal friction angle (radians) Initial moisture (%) Porosity (%) Density (kg/m®) D50 (cm) D90 (cm)

30 054 1.9 2193 2000 60 480
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Factors Scores Wei

Lithology 1 5 033
Fault 073 3 02
River 069 4 027
PGA 0.685 1 007
Slope 0.160 2 013






OPS/images/feart-10-1035692/feart-10-1035692-g010.gif





OPS/images/feart-10-1102802/feart-10-1102802-g007.gif





OPS/images/feart-10-1048427/math_6.gif
C+(1-hyw-T5)tang

F,=
TSI

®





OPS/images/feart-10-1054027/inline_1.gif
X = [x,X5,





OPS/images/feart-11-1051913/feart-11-1051913-t004.jpg
Factors Composition matrix

Lithology 0346 0508 | 0187 | 0622

Fault [ -0.412 [ -024 [ 0587 0438

River 0426 | -0202 0577 0391

PGA [ 044 -0207 | 0311 -056

Slope [ -0.133 | 0732 0569 | -0.338

Eigenvalue 167 | 1069 0.882 0.863

| Contribution rate (%) [ 2935% | 21.38% | 17.65% | 17.26%
Cumulative contribution rate (%) [ 2935% | 50.73% [ 68.37% [ 85.63%
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Sample method

Random

SOM
OC-SVM
SOM-OCSVM

LGR

AUC

0.7194
0.8420
0.9073
0.9480

Std

0.1947
0.1160
0.0856
00517

MLP

AUC

0.7048
0.7810
0.9360
09562

Std

0.1754
0.1576
0.0864
0.0803

SVM

AUC

0.7206
0.8467
09485
09689

Std

0.1963
0.1207
0.0601
0.0445

AUC

0.8328
0.9180
0.9765
0.9877

Std

0.1703
0.1025
0.0519
0.0354
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Landslide code  Lithology Fault River PGA Slope

L-001 \ 5 ‘ 5 3 1 2
1-002 | 5 ‘ 5 5 1 4
1003 ‘ 5 ‘ s | s | 1 3
- - | =
‘ 1633 | 4 ‘ 5 5 3 2
L-634 [ 5 |4 5 3 4
1-635 | 3 s 5 3 4
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Susceptibility level

Random
Very low
Low
Moderate
High
Very high

SOM
Very low
Low
Moderate
High
Very high

OC-sVM
Very low
Low
Moderate
High
Very high

SOM-OCSVM
Very low
Low
Moderate
High
Very high

Pixels

112787
204504
199040
89736
49787

172593
158675
111092
110798
102696

79357
96733
116826
150057
212881

76198
93700
113573
155069
217314

Percentage
of pixels (%)

17.20
3118
30.35
13.68
7.60

2632
24.19
1693
16.89
15.66

12.10
1475
17.81
2288
3246

11.62
1429
17.32
2364
3313

Number of landslides

23

141
288
378
356

74

161
182
317
452

25
5
100
72
738

19
49
111
250
757

Percentage
of landslides (%)

194

11.89
2428
31.87
30,02

624

13.58
15.35
2673
38.11

211
430
843
2293
62.23

1.60
4.13
936
21.08
63.83
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Factors ndslide number dslide density (landslide number/J

Lithology 1 22,645,627 321 0014174922 5
i 15,837.825 156 | 0009849837 3

m 6,609.371 | 66 0009985822 4

v 11,455.568 71 | 0.006197859 2

v 3,804.447 21 0005519856 1

Fault <15km 23,923.96017 330 00137937 5
15-30 km 13,892.70801 159 001144485 4

30-45 km 6,872.80138 50 000727505 2

45-60 km 5,460.90858 | 58 001062094 3

>60 km 10,202.46206 38 000372459 1

River <4km 25,597.48631 460 001797051 5
4-8 km 18,554.48587 89 0.00479668 3

8-12 km 10,368.69513 42 000405065 2

12-16 km 4,112.58464 16 0.0038905 1

>16 km [ 171846238 | 28 [ 001629364 | 4

v PGA | <015g 28,855.31 300 | 00103967 1
02g 30,189.11 | 329 0.01089797 3

03g 1,308.466 | 6 | 000458552 5

Slope <10° 7277.5427 | 103 0014153 5
10°-20° 14,813.384460 164 0011071 4

20°-30° 18,561.758800 | 173 0.009320 2

30°-40° 13,660.906230 | 142 0.010395 3

>40° 6,015.9348 | 53 0.00880994 1
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Low
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High
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23863
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222531

Percentage of
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3.64
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49.60
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Number of
landslides
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485
672
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034
211
40.89
56.66

Frequency ratio

0.09
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082
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Data type Data source

Lithology RESDC of the Chinese Academy of Science: hitps:/wivs.
resde.cn
Fault RESDC of the Chinese Academy of Science: https://swwi.
resdc.cn
River Open Street Map: https://www.openstreetmap.org
PGA China’s seismic ground motion parameter zonation map
DEM ALOS ASF Data Search (alaska.edu)

Hazard Inventory | RESDC of the Chinese Academy of Science: hitps://wi.
resde.cn
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Item

10

1

Development segmen

Collapsed depression on the right side of K165+730-165+900

Collapsed depression on the right side of K166+100

Collapsed depression on the right of K166+300-400

Collapsed depression on the left side of the K167+400 ~ K167+600 section

Ground fissure on the right side of K169+900

Collapsed depression along K172+350 ~ K172+700

Ground fissure on the left side of K173+000~K173+200

Collapsed depression on the left side of K173+900~K174+200

Collapsed depression in the K179+400~K181+466 interchange area

Arsi Negele connecting line

Shashemene connecting line

Morphological charactel

Ata distance of 100 m to the right side of K165+875, there is a collapse pit of
about 17 mlong, 10 m wide, and visibly 12-15 m deep and is devoid of fllers

Two collapse pits are observed at a distance of 65 m to the right side of
K166+100. 1# pit is about 9.7 m long and 4.7 m wide with a visible depth of
13 m or so, and 2# pit is about 189 m long and 14.7 m wide with a visible
depth of probably 15 m. Both have no fillers

It is situated on the right side of K166+300-400, partially extending to the
roadbed area. There are three collapse pits developed in this area. 17 pit is
approximately 11.5 m long, 5 m wide, and 6.2 m deep; 2¢ pit is around 7.1 m
long, 6.2 m wide, and 2.5 m deep; and 3¢ pit is about 7 m long, 7.8 m wide,
and 2 m deep. None of them have fillers

Left edge of this section of route K167+400~K167+600 is a collapse
depression about 200 m long and 150 m wide, with a height difference of
5-6 m or so. The roadbed partially traverses the edge of the depression

Ground fissures in this section are developed on unsurfaced country roads by
alength of about 60 m, a width 0f 57 m, and a depth of 7 m. These fractures
have upright walls and are 700 m from the project. There are two obviously
parallelfractures beside the small stake mark of the main line, and the ground
between them has 20-30 cm subsidence; the cleft near the large stake mark
toward the main line is about 15-20 m wide and 5 m deep. Collapse pits
emerge again though local people have planted crops in the low-lying zone
between these fractures

It s a 350-m-long and 150-m-wide ground subsidence with a height
difference of 2-2.5 m or so. The highway passes through the middle of the
depression, which has certain impact on the roadbed

‘This segment of ground fissures is about 40 m in length, 2-3 m wide, 4-5 m in
depth, and 60-100 m away from the expressway. In addition, five collapse pits
with a diameter of 3-5 m appear along the direction of the ground fissure

Located on the left side of the expressway, this depression is about 300 m
long, 100 m wide, and 2-3 m in height difference. The roadbed is partially
laid near the fringe of the depression

‘The segment is located in an interchange area and is composed of totally eight
collapsed depressions, one of which is within the ramp and the rest are on the
periphery of the ramp, which has certain impact on the interchange area and ramp

Ground fissures are at K14800 of the Arsi Negele connecting line, which is
1.6 km to the left of the main line, basically parallel to the highway, and
intersects perpendicularly with Arsi Negele. The cracks are about 100 m long,
5-8 m wide, 8-10 m deep, and vertical on the whole. At the already chapped
end, the ground fissures bifurcate, forming two 100-m-long and 10-cm-wide
crannies, and the land in between is 3-5 m wide and has a 10-20 cm
settlement. Furthermore, there is a collapse pit—approximately 7 m in
diameter—about 600 from the large stake mark of the main line—but its
depth is unknown. According to local residents, the sound of flowing water
was heard at the mouth of this deep hole during the rainy season

Located 100 m away from the end point of the Shashemene connecting line
and 300 m on the right side of the main line, the ground fissure intersects with
the Shashemene connecting line and is basically parallel to the main line.
Damage s caused by the fissure to the existing bituminous concrete
pavement. On the cast side of the current asphalt road, the crack is about
200 m long, 20-25 m wide, and 15-20 m deep and vertical. This segment of
fractures appeared two years ago in the rainy season, according to local
people. There is another 100-m-long gap to the west of the present asphalt
road, which is 20-40 m wide and 10-15 m deep. There is a sinkhole 0f 20 m
from the end of this ground crack. According to local people, this sinkhole
occurred in June 2017, and it is still collapsing
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Set

Grille blocking rate  Flume slope (')

No grid

30%

50%

No grid

30%

50%

13

Depth (cm)

720
730
7.00
6.90
7.20
740
7.00
6.80
730
670
6.80
7.00
6.60
6.90
720
6.80
7.10
6.80

Mean velocity (m/s)
(h =4.5cm)

4.69
455
469
461
453
456
477
502
4.65
493
479
4.93
4.85
477
4.80
5.02
5.08
4.89

Meam pressure (kPa)
(h =4.5cm)

5.87
6.50
6.15
6.28
6.90
5.46
5.89
5.98
6.41
6.18
674
6.48
7.57
7.26
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692
6.30
675

Max pressure (kPa)
(h=4.5cm)
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Time Total Year-on-year Total tourism revenue Year-on-year
number of visitors

2013 371 million 27.20% ¥4.62 billion 21.22%
2014 4.63 million 24.80% ¥5.57 billion 20.56%
2015 4.82 million 4.10% ¥5.93 billion 6.46%
2016 5.07 million 5.19% ¥6.25 billion 5.40%
2017 312 million ~38.46% ¥6.07 billion -2.88%
2018 0.15 million ~95.19% ¥0.17 billion -97.20%
2019 1.21 million 706.67% ¥1.76 billion 935.29%

2020 2.20 million 81.82% ¥4.98 billion 182.95%
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Categories Parameters [Parameters obtaining methods

Data Investigation  Field Remote Experimental - Computational ~Weather
collection observation sensing analysis simulation forecast
interpretation
Topographic Terrain gradient (6) . . .
Pastaieter Ratio of the area of rain collection (a) . L] Ll
Geological parameter  Internal friction angle(g) . ° . . °
Cohesion (C) . . . . .
So thickness (2) . . . . .
Transmissibily coeficent (7). . ° . . .
density rato of water 1o soil in landslide ° ° ° .
(dimensionless)
Soil macropore coefficient (1) . ° . .
Vegetaton parameter  Vegetaton cover index (NDV) . . . .
Hydrological Preliminary soil moisture (AMC) . ° . . . .
pacsetes SCS curve parameters (CN) . L] . . . .
Retention parameter (5 . ° ° . . .
Initial infiltration (fa) . . . . . .
Meteorological data  Precipitation (P) . ° . . . o .
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The cover

type

Coniferous forest
Shrub forest

Bare land

Initial infiltration rate (mm/min)

Plot 1 Plot 2
3624 35.05
282 2275
1549 16.13

Plot 3

3487
2502
1477

Stable infiltration rate (mm/min)

Plot 1 Plot 2
638 570
291 3.08
167 181

Plot 3

5.62
3.05
1.81
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Morphological factors

Area (km?)
Maximum altitude (m as1)
Minimum altitude (m a.s1)

Elevation difference (m)

Main river channel length (km)

Average channel slope ()

Range

Value

952

1293.65

357.70

83595

471

2845

23'26'53"-23'29'9" N; 110°7'35"-110°10'17" E
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Sand particles Silt particles Clay particles
Coarse-grained Medium-grained Fine-grained

2-0.5/mm 0.5-0.25/mm 0.25-0.05/mm 0.05-0.01/mm 0.01-0.005/mm <0.005/mm
0 03% 16.4% 58.9% 10.1% 143%
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Hazard

High
Medium

Low

Accumulation mud depth/m

Hez15
0.5<He<15
0.01<He<0.5

Logical relationship

OR
AND
AND

Product of the
mud depth accumulation
and flow velocity

HexVez2.5
0.5<HexVe<2.5
0.1<HexVes0.5
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Landslide number

H-01
H-02
H-03
H-04
H-05
H-06
H-07
H-08
H-09
H-10
H-11
H-12
H-13

Length (m)

125
155
164
57
65
48
180
155
17
89
105
83
95

Width (m)

80

30
120
100
75
65
115
77
75
52
63
58

Average thickness
(m)

15
15
15
15

15
15

Slip ()

40
40
90
80
80
80
290
270
260
270
260
260
260

Volume (x10" m’)

1.0
12
04
05
05
03
23
36
09
07
04
04
06

Note: The geometric parameters of landslides in the table were obtained from high-resolution remote sensing image interpretations, and those of new landslides were obtained from field
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