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Abstract. During heavy rainfall, sediment discharge from mountainous regions is exacerbating damage in downstream urban 

areas. Therefore, predicting sediment discharge from mountainous area is of critical importance. A large proportion of 10 

discharged sediment is produced by slope failures and subsequently transported through channel networks. Although 

topographic and geotechnical conditions vary within a watershed, both the susceptibility to slope failure and the volume of 

sediment produced depend strongly on these conditions. In this study, we develop a machine learning model that predicts slope 

failure occurrence and landslide volume from topographic and geotechnical parameters. By coupling this model with a rainfall 

and sediment runoff, we propose an integrated framework that simulates the entire process from slope failure to sediment 15 

production and downstream transport at the watershed scale. The proposed model incorporates uncertainties associated with 

unaccounted variability through a probabilistic representation, enabling the evaluation of multiple plausible scenarios. The 

model was applied to the Pekerebetsu basin for the 2016 Hokkaido heavy rainfall event. Repeated simulations under identical 

topographic, geotechnical, and rainfall conditions produced slightly different spatial patterns and numbers of slope failures. 

However, all simulations reproduced sediment production and discharge close to observed values. These results demonstrate 20 

that the proposed framework can consistently capture watershed-scale sediment dynamics while accounting for inherent 

variability in slope failure processes. 

1 Introduction 

Extreme rainfall due to climate change has caused severe flood disasters. These damages are not only attributed to increased 

discharge due to higher rainfall amounts, but also to the reduction in river conveyance capacity associated with sediment 25 

deposition transported from upstream areas (Sofia and Nikolopoulos 2020). Furthermore, the transported sediment affects 

riverbed morphology and channel dynamics, which can trigger additional hazards such as bank erosion (Inoue et al. 2021). To 

accurately predict sediment discharge, it is essential to quantify sediment production on hillslopes across a watershed scale, 

where diverse topographic and geotechnical conditions exist. 

In mountainous watersheds, heavy rainfall events induce large volumes of sediment production through landslides. During 30 

such events, river discharge also increases, facilitating the downstream transport of produced sediment toward urban areas. 
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Although sediment discharge generally increases with rainfall under climate change, the relationship is non-linear (Kido et al. 

2023). Therefore, it is crucial to evaluate both the susceptibility of hillslopes to failure and the volume of sediment produced 

during landslides, and to physically model the processes of sediment supply to channels and its downstream transport for 

watershed-scale sediment disaster risk assessment. 35 

To evaluate rainfall-induced landslides, it is necessary to consider changes in soil moisture conditions due to rainfall infiltration 

and the resulting decrease in slope stability (Godt et al. 2008; Wicki et al. 2020; Posner and Georgakakos 2015). In infiltration 

analysis, water movement in unsaturated soil is simulated to obtain the spatiotemporal variation of pore-water pressure. In 

slope stability analysis, stability is evaluated using the factor of safety, defined as the ratio of resisting forces to driving forces. 

As rainfall infiltration increases pore-water pressure, the effective stress decreases due to buoyancy, reducing shear strength, 40 

while the increased water content adds weight, increasing driving forces (Iverson 2000). By using both infiltration and stability 

analysis, the failure process of slopes under rainfall can be mechanically evaluated. However, mountainous watersheds contain 

numerous slopes with heterogeneous topographic and geotechnical conditions, and the slopes that fail vary depending on 

rainfall patterns (Tsai 2008; Biasutti et al. 2016). Therefore, applying infiltration–stability analysis to all slopes within a 

watershed to evaluate failure occurrence and landslide volume is computationally expensive and impractical. 45 

To address this issue, machine learning approaches have recently been proposed. For example, Bui et al. (2019) and Moayedi 

et al. (2019) showed that multilayer perceptrons and random forests perform well in predicting the factor of safety and slope 

failure using finite element simulation data. Xu et al. (2022) developed machine learning models as surrogates for 

computationally demanding physical models, and Mahmoodzadeh et al. (2022) constructed machine learning models for 

predicting the factor of safety under various geotechnical conditions. However, many of these studies assume temporally 50 

constant pore-water pressure and do not adequately consider its dynamic variation due to rainfall infiltration. One advantage 

of machine learning is its ability to account for uncertainty from large training datasets. Previous studies have used various 

input parameters, including slope gradient, slope length, cohesion, internal friction angle, density, hydraulic conductivity, and 

unit weight. Nevertheless, slope failure is influenced by additional factors, including topography, geology, vegetation, and 

hydrological conditions, which interact in a complex manner. Moreover, input parameters vary spatially within a slope, and a 55 

single value cannot adequately represent actual slope conditions. Therefore, explicitly representing such heterogeneity in 

numerical simulations remains challenging. Instead, it is more practical to perform probabilistic predictions under simplified 

homogeneous conditions and express the results as a range of possible failure responses, thereby implicitly accounting for the 

effects of unresolved heterogeneity. In addition, many existing studies focus on failure occurrence, while relatively few have 

examined the estimation of sediment volume produced by landslides. 60 

In this study, we develop a machine learning model that predicts both slope failure occurrence and landslide volume from 

topographic and geotechnical parameters across diverse slope conditions. A probabilistic approach is adopted for failure 

prediction, allowing variability in outcomes even under identical conditions. Furthermore, by integrating this model with the 

rainfall and sediment runoff model that simulates temporal changes in soil moisture within slopes and the transport of produced 
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sediment, we aim to evaluate rainfall-induced sediment production and transport processes at the watershed scale and to 65 

reproduce past disaster events. 

2 Method 

2.1 Model of rainwater infiltration and Slope stability analysis 

To evaluate failure occurrence and landslide volume for diverse slope conditions, we conducted rainfall infiltration and slope 

stability analyses using the model proposed by Tsutsumi (2008). The infiltration process of rainfall within the slope was 70 

simulated based on the Richards equation and C(ψ) and K(ψ) were evaluated using the log-normal model proposed by Kosugi 

(1996). 
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Here, 𝜓  denotes the pressure head, 𝑧  is the elevation head, 𝐶(𝜓)  is the soil water capacity, and 𝐾(𝜓)  is the hydraulic 

conductivity. 𝜃𝑠  and 𝜃𝑟  represent the saturated and residual soil water contents, respectively. 𝜓𝑚  is the pressure potential 

corresponding to the median soil pore radius, 𝜎 is a dimensionless parameter representing the pore-size distribution width, and 

𝐾𝑠  is the saturated hydraulic conductivity. The function 𝑄(𝑥)  denotes the residual normal distribution. Under saturated 80 

conditions (𝜓 ≥), 𝐾(𝜓) = 𝐾𝑠 and 𝐶(𝜓) = 0.0 were assumed. 

The Richards equation was solved using the finite element method. The initial pressure head was uniformly set to −0.05 m 

throughout the soil layer. Based on Chen (2008), the parameters were set as 𝜃𝑠 = 0.467⁡[𝑚3 𝑚3⁄ ]，𝜃𝑟 = 0.240⁡[𝑚3 𝑚3⁄ ]，

𝜓𝑚 = −31.2⁡[𝑐𝑚], 𝜎 = 1.4, 𝐾𝑠 = 0.005⁡𝑐𝑚/𝑠 uniformly to all slopes. 

Slope stability analysis was performed using the simplified Janbu method, in which the soil layer is discretized into vertical 85 

slices and the ratio of driving to resisting forces is evaluated for each slice. The factor of safety (FoS) was calculated as: 

𝐹𝑠 =
∑[{𝑐𝑖𝑙𝑖 COS𝑎𝑖+(𝑊𝑖−𝑢𝑖𝑙𝑖 COS𝑎𝑖) TAN𝜙𝑖}/𝑚𝑎]

∑𝑊𝑖 TAN𝑎𝑖
 ,                        (5) 

𝑚𝑎 = cos2 𝑎𝑖 (1 + tan 𝑎𝑖 tan𝜙𝑖 /𝐹𝑠) ,                        (6) 

where subscript 𝑖 denotes each vertical slice. 𝑐𝑖  and 𝜙𝑖  are the cohesion and internal friction angle, respectively, 𝑊𝑖  is the 

weight of the slice, 𝑎𝑖 and 𝑙𝑖 are the inclination angle and length of the slip surface, and 𝑢𝑖is the pore-water pressure acting on 90 
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the slip surface. The saturated unit weight used to compute 𝑊𝑖 was set to 𝛾𝑠𝑎𝑡 = 1.64⁡[𝑡 𝑚3⁄ ]. The soil layer thickness was 

assumed to be uniform at 3 m. 

The slip surface at each time step was determined as the one yielding the minimum factor of safety, which was identified using 

the dynamic programming (DP) method. The computational mesh size was set to 5 m in the horizontal direction and 0.33 m 

in the vertical direction. 95 

2.2 Calculation condition of rainwater infiltration and Slope stability analysis 

First, we conducted rainfall infiltration and slope stability analyses for various slopes with varying combinations of four 

parameters that can be relatively easily obtained from laboratory tests and DEM data: cohesion, internal friction angle, slope 

gradient, and slope length. The ranges of these parameters are summarized in Table 1. The “high-frequency region” represents 

parameter ranges that are considered common in natural environments, whereas the “low-frequency region” represents ranges 100 

that are relatively rare. By including samples from the low-frequency region, the prediction accuracy of the machine learning 

model for slopes with parameter values near the boundaries of the high-frequency region can be improved. 

We generated a total of 1,200 slope configurations within the high-frequency region and 200 within the low-frequency region. 

To randomly generate combinations of slope parameters, Latin Hypercube Sampling (LHS) (McKay et al. 2000) was employed. 

In this method, each parameter range is uniformly divided into intervals, and one sample is drawn from each interval to ensure 105 

an efficient and well-distributed sampling of the parameter space. For slope length, LHS was applied in logarithmic space, 

because shorter slopes are expected to be more sensitive to changes in length in terms of landslide volume. This approach 

allows for denser sampling of shorter slopes. 

The objective of the rainfall infiltration–based slope stability analysis is to determine the critical saturated layer height required 

for slope failure. The specific rainfall pattern is not explicitly considered, as the focus is on identifying the failure threshold. 110 

Instead, rainfall pattern is accounted for in the rainfall and sediment runoff model. Therefore, we designed the input rainfall to 

be sufficiently intense to induce failure in all slopes that are physically susceptible to collapse, while avoiding the Hortonian 

overland flow. Specifically, a hyetograph was applied in which rainfall intensity increases linearly from 0 to 50 mm/h over 12 

hours, followed by a constant rainfall of 50 mm/h for 3 hours. 

 115 
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Table 1: Range of slope parameters used in the rainfall infiltration–based slope stability analysis. 

 High-frequency region Low-frequency region 

Cohesion [tf/m2] 0 - 1.5 1.5 – 3.0 

Friction angle [degree] 20 - 40 10 –20, 40 - 45 

Slope [degree] 20 - 45 10 – 20, 45 - 50 

Length [m] 10 - 400 400 - 1000 

 125 

2.3 Determination of slope failure by machine learning 

Slope failure was determined based on a threshold defined by the critical saturation ratio at failure. The critical saturation ratio, 

𝜃𝑐𝑟 , was calculated as: 

𝜃𝑐𝑟 = ℎ𝑐𝑟 𝐷𝑠⁄  ,                                                                           (7) 

Where ℎ𝑐𝑟  is the critical saturated layer thickness and 𝐷𝑠 is the soil depth. The value of ℎ𝑐𝑟  was defined as the thickness of 130 

the soil layer in which the horizontally averaged pressure head is greater than or equal to zero. 

The critical saturated layer thickness ℎ𝑐𝑟  was estimated by assuming a linear variation of pressure head between adjacent nodes. 

For two consecutive points where 𝜓1 > 0 and ⁡𝜓2 < 0, ℎ𝑐𝑟  was calculated by linear interpolation as: 

ℎ𝑐𝑟 = ℎ1 +
0−𝜓1

𝜓2−𝜓1
(ℎ2 − ℎ1) ,                                                                          (8) 

where ℎ1⁡and ℎ2 are the elevations corresponding to 𝜓1 and 𝜓2, respectively. If the pressure head at the top layer was greater 135 

than or equal to zero, the entire soil depth was considered saturated (i.e., ℎ𝑐𝑟 = 𝐷𝑠). 

We developed a machine learning model for slope failure prediction using four slope parameters (cohesion, internal friction 

angle, slope gradient, and slope length) as explanatory variables and the saturation degree at failure (or at the end of the 

simulation for stable slopes) derived from rainfall infiltration–based slope stability analysis as censored data.. For this purpose, 

we adopted the Random Survival Forest (RSF) model. This is an extension of the Random Forest (RF) model to survival 140 

analysis, which can account for censored data (i.e., cases where failure does not occur within the simulation period). Using 

RSF model, information from non-failed slopes can also be incorporated into the training process, enabling probabilistic slope 

failure assessment. 
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In survival analysis, the probability that an event does not occur up to a given time is estimated as the survival probability 𝑆(𝑡), 

obtained by multiplying conditional survival probabilities over time. In this study, “time” was replaced by the saturation ratio, 145 

enabling the estimation of the probability of failure occurrence at different saturation levels. 

The hyperparameters were set as follows: 1,500 decision trees, a minimum of 2 samples required for node splitting, a minimum 

of 5 samples per leaf node, and no limit on the maximum tree depth. From the trained RSF model, the survival probability 

𝑆𝑗(𝜃𝑖) at nine discrete saturation levels 𝜃𝑖 (from 0.1 to 0.9 with an interval of 0.1) was assigned to each slope element 𝑗 with 

different geotechnical and topographic conditions. When the saturation ratio 𝜃 calculated by the rainfall and sediment runoff 150 

model first exceeded a given threshold 𝜃𝑖, slope failure was probabilistically determined. Specifically, failure was assumed to 

occur when a uniformly distributed random number was smaller than the conditional failure probability 𝑃𝑓𝑎𝑖𝑙𝑢𝑟𝑒 defined as:  

𝑃𝑓𝑎𝑖𝑙𝑢𝑟𝑒 = 1 −
𝑆𝑗(𝜃𝑖)

𝑆𝑗(𝜃𝑖−1)
（𝜃𝑖 = 0.1,  0.2,  … ,  0.9） ,                                                                         (9) 

2.4 Estimation of failure volume by machine learning 

In the rainfall infiltration–slope stability analysis, we obtained landslide area 𝐴. A uniform soil depth of 3 m is assumed in this 155 

analysis. This assumption is supported by the strong empirical relationship between landslide volume 𝑉𝐿and landslide area 𝐴𝐿, 

commonly expressed as 𝑉𝐿 = 𝛼𝐴𝐿
𝛽

(Amirahmadi et al. 2016; Guzzetti et al. 2009; Rice and Foggin 1971; Imaizumi et al. 2008). 

Assuming a constant soil depth 𝐷𝑠 , landslide volume can be approximated as 𝑉𝐿 = 𝐴𝐿𝐷𝑠 , implying a linear relationship 

between volume and area. Although the coefficients 𝛼⁡and 𝛽⁡vary among regions, they can often be approximated as constant 

within a single watershed, suggesting that the effect of spatial variability in soil depth is effectively incorporated into these 160 

empirical parameters. Thus, although the assumption of a constant soil depth does not explicitly represent local variations in 

soil depth, it can be regarded as a practical first-order approximation for watershed-scale sediment production modelling. 

Therefore, we estimated the failure length, 𝐿⁡by following equation, rather than the landslide area itself 

𝐿 = 𝐴 𝐷𝑠⁄  ,                                                                          (10) 

We adopted the Random Forest (RF) model to estimate the failure length from slope parameters. In this model, cohesion, 165 

internal friction angle, slope gradient, and slope length were used as explanatory variables, whereas the failure length was used 

as the target variable. The RF model constructs a large number of decision trees using subsets of the data and produces 

predictions by averaging their outputs. This approach is suitable because failure length is expected to depend nonlinearly on 

geotechnical and topographic parameters, such as cohesion, internal friction angle, slope gradient, and slope length, and on 

their interactions. Using the trained RF model, the failure length 𝐿𝑗was predicted for each slope element 𝑗. 170 

The landslide volume 𝑉𝑗 ⁡for each slope element 𝑗 was calculated as: 

𝑉𝑗 = 𝐿𝑗 × 𝐷𝑠𝑗 × 𝐵𝑗  ,                                                                         (11) 
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where 𝐷𝑠𝑗is the soil depth and 𝐵𝑗is the width of the slope element. 

When slope failure occurs with the probability 𝑃failure, the corresponding sediment volume 𝑉𝑗 ⁡is produced. 

 175 

2.5 Rainfall and sediment runoff model 

To simulate sediment production by slope failures, sediment supply to channels, and sediment transport within the river 

network under rainfall input, we used the SiMHiS model developed by Yamanoi et al. (2015, 2016a, 2016b), with 

modifications to account for channel width variation (Kido et al. 2025). 

SiMHiS discretizes a watershed into unit channels divided at confluences and unit slopes adjacent to both banks. Sediment 180 

produced by slope failures on unit slopes is supplied to the adjacent unit channels, where bedload and suspended load transport 

are simulated. Slope failure is evaluated at a finer scale using slope elements, which are defined by further subdividing unit 

slopes along ridge and valley lines to prevent lateral water movement between neighboring slopes (Xie et al. 2003). 

Within each slope element, subsurface water flow is computed using a kinematic wave model. The subsurface discharge per 

unit width, 𝑞𝑟 is calculated based on Darcy’s law, while when the water level exceeds the soil depth, overland flow is generated 185 

and computed using Manning’s equation. 

𝑑𝑞𝑟

𝑑𝑥
+ 𝛼

𝑑ℎ𝑟

𝑑𝑡
= 𝑟 − 𝑓 ,                                                                         (12) 

𝑞𝑟 = {
𝑘ℎ𝑟⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡

𝑘𝐷𝑠 +
1

𝑛𝑠
(ℎ𝑟 − 𝐷𝑠)

⁡⁡⁡⁡⁡⁡
(ℎ𝑟 ≤ 𝐷𝑠)

⁡(ℎ𝑟 > 𝐷𝑠)
 ,                                                                       (13) 

𝑞𝑏𝑘
∗ = 𝛼(𝜏∗𝑘 − 𝜏∗𝑐𝑘)

1.5 ,                                                                         (14) 

Here, 𝑞𝑟⁡is the unit-width discharge within the slope, ℎ𝑟 is the water depth within the soil layer, 𝑟 is the rainfall intensity, 𝑓 is 190 

the loss rate per unit time, 𝜆 is the porosity, 𝑘 is the hydraulic conductivity, 𝑛𝑠 is the Manning’s roughness coefficient for the 

slope surface. In addition, 𝑞𝑏𝑘
∗  denotes the dimensionless bedload transport rate per unit width for each grain size class, 𝜏∗𝑘 is 

the dimensionless shear stress, and 𝜏∗𝑐𝑘 is the dimensionless critical shear stress for each grain size. 

Next, in the sediment supply model, the amount of sediment supplied from slopes to channels is calculated. Sediment produced 

by slope failures is assumed to accumulate temporarily as colluvial deposits, and only the portion exceeding the storage 195 

capacity is supplied to the channel. 

Finally, in the sediment transport model, bedload and suspended load transport are calculated, considering erosion and 

deposition processes along the riverbed. Flow discharge is computed using a kinematic wave model to represent the process 

by which rainfall on slopes flows into the channel network, while channel flow is calculated using Manning’s equation. 

The bedload transport rate is estimated using a Meyer–Peter–Müller-type formulation (24), combined with the Johnson model 200 

(Johnson 2016) and a modified Egiazaroff equation (Egiazaroff 1965) to evaluate the dimensionless critical shear stress. 
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Although many bedload transport formulas adopt a power-law form proportional to 𝜏∗
1.5 , as in the MPM equation, the 

coefficient 𝛼 is empirically determined. For example, Jafar (2025) reported a value of 12.49 based on field data from rivers 

worldwide, Ashida Michiue(1972) proposed 17, and Shinohara (1959) suggested 25. In this study, 𝛼 is set to 23 to reproduce 

observed sediment discharge. 205 

The suspended load transport rate was calculated using the Itakura–Kishi formula (Itakura and Kishi 1980) together with 

Rubey’s settling velocity equation (Rubey 1933). 

 

2.6 Application in the Pekerebetsu basin with SiMHiS 

The machine learning models developed using the methods described in Sect. 2.3 and 2.4 were integrated into the SiMHiS 210 

framework to reproduce sediment production and sediment discharge during the August 2016 heavy rainfall event in the upper 

reaches of the Pekerebetsu River, a tributary of the Tokachi River system in Hokkaido, Japan. 

The mean annual precipitation in the Tokachi River basin from 1966 to 2005 was approximately 900 mm, which is significantly 

lower than the national average of about 1,600 mm in Japan (River Bureau, Ministry of Land, Infrastructure, Transport and 

Tourism 2006). In late August 2016, heavy rainfall caused by a stationary front and multiple typhoons triggered widespread 215 

flooding and landslides across the Tokachi River basin, resulting in severe damage. In this study area, orographic rainfall was 

intensified by the transport of warm, moist air associated with typhoons, and the cumulative rainfall exceeded 500 mm over 

three days (Aoki et al. 2018). Figure 1 shows the rainfall in the Pekerebetsu basin based on AMeDAS data provided by the 

Japan Weather Association. On August 30, the maximum hourly rainfall reached 50 mm/h. Miyazaki reported sediment 

production from slopes of 154,000 m³ and sediment discharge of 373,000 m³ during this event (Miyazaki et al. 2016). 220 

The Pekerebetsu River basin is primarily composed of weathered granite. Laboratory test (Sato et al. 2016) results indicate 

that cohesion ranges from 0.07 to 0.53 tf/m² depending on the degree of compaction, while the internal friction angle varies 

from 35.6° to 38.9°. Since cohesion in natural slopes is influenced by root reinforcement and soil heterogeneity, a sensitivity 

analysis was conducted based on this range. In contrast, the variation in internal friction angle is relatively small. Therefore, 

the mean value of 37.3° was adopted. Miyazaki et al. 2016 investigated the grain size distribution of terraces and cliff cones 225 

in this area. We used the grain size distribution of the terrace to represent riverbed sediment, and that of the cliff cone to 

represent slope-derived sediment. The average grain size of the riverbed sediment is 162 mm, whereas that of slope sediment 

is 70 mm, indicating that the slope sediment was finer than the riverbed sediment. 

Slope elements were delineated from a 10 m resolution DEM acquired by LiDAR prior to the 2016 flood event, and topographic 

parameters such as slope gradient and slope length were calculated for each slope element. 230 

The slope parameters for each slope element were then input into the trained machine learning models to estimate the failure 

probability at different saturation levels and the corresponding landslide volume. By inputting the observed rainfall data of the 

2016 event into the SiMHiS model, the temporal variation of saturation within slopes was computed, and slope failure 
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occurrence and sediment production across the watershed were estimated. Then we compared the simulated sediment 

production with observed values. 235 

Figure 1: AMeDAS rainfall in the Pekerebetsu basin during the 2016 Hokkaido heavy rainfall event. 

3 Result 

3.1 Result of rainwater infiltration and Slope stability analysis 

Figure 2(a) shows the classification results of slope stability for the four slope parameters, categorized into three groups: stable 

slopes where no failure occurred, slopes that failed during the simulation, and slopes that were unstable and failed immediately 240 

at the start of the calculation. Among the 1,400 simulation cases, 717 cases (51%) remained stable, 450 cases (32%) 

experienced failure during the simulation, and 233 cases (17%) failed immediately without maintaining initial stability. 

Cohesion, internal friction angle, and slope gradient interactively influence slope stability. Higher cohesion, larger internal 

friction angles, and gentler slopes tend to suppress failure. In contrast, slope length has little influence on stability. 

Figure 2(b) shows the saturation ratio at the time of failure for slopes that collapsed during the simulation. Similar to the 245 

stability classification results, cohesion, internal friction angle, and slope gradient strongly influence the critical saturation 

ratio, whereas slope length has negligible impact. 

Figure 2(c) presents the failure length for slopes that experienced rainfall-induced collapse during the simulation. For slopes 

longer than 15 m, the failure length tends to converge within the range of approximately 15–20 m. In addition, under 

particularly stable slope conditions, failure lengths exceeding 20 m were observed. 250 
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Figure 2: (a) Classification of slope stability results for the simulated slopes according to four slope parameters. Blue 

indicates stable slopes, orange indicates slopes that failed during the simulation, and green indicates slopes that failed 255 

immediately at the start of the simulation. 

(b) Saturation degree at the time of failure for failed slopes as a function of the four slope parameters. 

(c) Failure length of failed slopes as a function of the four slope parameters. 
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3.2 Result of slope failure determination 260 

The area under the ROC curve in Figure 3(a) (AUC) for the test dataset is 0.89, suggesting that the model has sufficient 

discriminative capability for predicting slope failure. 

Figure 3(b) shows the failure probability obtained from the rainfall infiltration–slope stability analysis and that predicted by 

the RSF model for the test dataset. In this study, we used a bootstrap approach to evaluate slope failure probability. Specifically, 

180 slopes were randomly sampled with replacement from the test dataset to form one slope group, and this procedure was 265 

repeated 200 times. For each slope group, a failure probability curve was estimated based on the slope stability analysis results 

using the Kaplan–Meier method (Kaplan and Meier, 1958), resulting in a total of 200 failure probability curves. From these 

curves, the average and the 95% interval (5th–95th percentile range) were calculated. 

For the RSF-based estimation, we used the same bootstrap-generated slope groups. For each slope group, failure probability 

curves were estimated for all 180 slopes, and these were averaged at each saturation level to obtain a representative curve. 270 

Repeating this process 200 times yielded 200 curves, from which the average and 95% interval were computed. 

The failure probabilities predicted by the RSF model are generally consistent with those obtained from the slope stability 

analysis, indicating that the RSF model successfully reproduces the relationship between saturation and failure probability. 

However, the 95% interval derived from the slope stability analysis extends toward higher failure probabilities compared to 

that of the RSF predictions. 275 

Figure 3(c) shows the relationship between saturation ratio and failure probability for different ranges of slope parameters. 

Each curve represents the average response of slopes belonging to the corresponding parameter range. Slopes with cohesion 

less than 0.5 tf/m² and internal friction angles less than 25° exhibit higher failure probabilities in the slope stability analysis 

than those predicted by the RSF model. This suggests that slope groups containing slopes highly susceptible to failure 

contribute to the upward shift of the 95th percentile in Figure 3(a). In addition, slopes with cohesion below 0.5 tf/m² show 280 

significantly higher failure probabilities than the average, whereas slopes with cohesion greater than 1.0 tf/m² exhibit very low 

failure probabilities, indicating that cohesion has a stronger influence on failure probability than the other parameters. 

Regarding slope gradient, failure probability appears to be bifurcated around the median internal friction angle (30°) of the 

high-frequency region. When the slope gradient exceeds the internal friction angle, instability increases, indicating that the 

relative relationship between these parameters controls slope stability. 285 

Figure 3(d) compares the predicted and simulated failure lengths for both the training and test datasets. The RF model tends 

to underestimate failure length in cases with large failure areas. This is because large-failure cases are relatively rare and are 

grouped into the same terminal nodes as smaller cases during tree construction. However, since such large-scale failures occur 

infrequently, their impact on watershed-scale predictions is considered limited. 
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Figure 3: (a) ROC curve for the RSF-based slope failure prediction in the hold-out test dataset. 

(b) Relationship between saturation degree and failure probability. Blue lines indicate failure probabilities obtained 

from rainfall infiltration–based slope stability analysis, while orange lines indicate those predicted by the RSF model. 295 

Shaded areas represent the 95% interval for each. 

(c) Relationship between saturation degree and failure probability for different parameter ranges. Dashed lines indicate 

results from the slope stability analysis, whereas solid lines represent predictions by the RSF model. 

(d) Comparison between failure lengths calculated by the rainfall infiltration–based slope stability analysis and those 

predicted by the RF model. Blue points indicate training data, and white points indicate validation data. 300 

3.3 Result of slope failure determination 

 When cohesion is 0.95 tf/m², we performed three simulations under the same rainfall and model conditions as those of the 

2016 heavy rainfall event in Hokkaido. Table 2 summarizes the number of failed slope elements, the failure ratio, the produced 

sediment volume, and the sediment discharge. The failure ratio was calculated as the number of failed slope elements divided 

by the total number of slope elements in the basin, 3,720. The produced sediment by slope failures is from 148,830 m³ to 305 

161,937 m³ and a sediment discharge is from 372,880 m³ to 376,328 m³, successfully reproducing the sediment production 

and discharge observed during the 2016 heavy rainfall event in Hokkaido. Figure 4 shows the failure probability and failure 

length at a saturation ratio of 0.99 when cohesion ranges from 0.1 to 1.1 tf/m² at intervals of 0.1 tf/m² and the internal friction 

angle is fixed at 37.3°, based on the properties observed in the Pekerebetsu basin. White areas indicate combinations of slope 

https://doi.org/10.5194/egusphere-2026-2689
Preprint. Discussion started: 9 July 2026
c© Author(s) 2026. CC BY 4.0 License.



16 

 

gradient and slope length that do not exist within this basin. The results show that failure probability increases with decreasing 310 

cohesion and increasing slope gradient. In contrast, failure length decreases as cohesion decreases and slope gradient increases. 

Furthermore, for slopes steeper than approximately 28°, shorter slopes tend to exhibit shorter failure lengths. 

Figure 5 presents the produced sediment due to slope failures, sediment discharge by source (riverbank, slope, bank), and the 

average grain size of discharged sediment for each cohesion value. Both the produced sediment and the total sediment 

discharge decrease as cohesion increases. When cohesion is less than or equal to 0.7 tf/m², the amount of produced sediment 315 

by slope failures exceeds the sediment discharge, indicating that more than half of the discharged sediment originates from 

slopes. In contrast, when cohesion is greater than or equal to 0.9 tf/m², the produced sediment is smaller than the sediment 

discharge, suggesting that most of the discharged sediment is generated by erosion of the riverbed and banks. Additionally, as 

the contribution of produced sediment decreases, the average grain size of the discharged sediment increases. Figure 6 shows 

the spatial distribution of failed slopes for three simulations conducted under identical conditions corresponding to the 2016 320 

event. As shown in Figure 6, areas with a high density of steep slopes tend to have a larger number of failed slope elements. 

However, the locations of failed slopes vary slightly among simulations. As indicated in Table 2, a greater number of failed 

slopes does not necessarily result in a larger volume of produced sediment. Even under identical conditions, differences in the 

spatial distribution of failed slopes lead to variations in the scale of sediment production. Furthermore, even produced sediment 

is large, sediment discharge does not always increase proportionally. This suggests that the connectivity between failed slopes 325 

and the channel network strongly controls the efficiency of sediment transport from production areas to the downstream.  
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Figure 4: Failure probability (a) and failure length (b) at a saturation ratio of 0.99 for different cohesion values in the 330 

Pekerebetsu basin. 

 

 

 

https://doi.org/10.5194/egusphere-2026-2689
Preprint. Discussion started: 9 July 2026
c© Author(s) 2026. CC BY 4.0 License.



18 

 

 335 

Figure 5: Results of SiMHiS simulations using cohesion and the estimated failure probability and saturation degree 

derived from machine learning models (RSF and RF). Stacked bar charts show sediment discharge from the 

downstream point by source, with blue indicating sediment from riverbed, orange indicating sediment from slope, and 

green indicating sediment from bank. The black line represents produced sediment by slope failure, and the orange 

line represents the average grain size of the discharged sediment. 340 
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Figure 6: Spatial distribution of failed slopes for three simulations (Run 1–Run 3) conducted under identical conditions 

with a cohesion value of 0.95 tf/m² and slope gradient distribution. Green indicates stable slopes, and pink indicates 

failed slopes. 345 
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Table 2: Number of failed slope elements, produced sediment, and sediment discharge for three simulations (Run 1–

Run 3) conducted under identical conditions (cohesion = 0.95 tf/m²) 

 Number of failed slope elements Produced sediment [m3] Sediment discharge [m3] 

Run1 315 (8.5%) 148,831 376,328 

Run2 289 (7.8%) 151,608 375,262 

Run3 281 (7.6%) 161,937 372,880 

 

 

4 Discussion 355 

In this study, we proposed a method that enables watershed-scale evaluation of slope failure occurrence and sediment 

production by training machine learning models on the results of rainfall infiltration–induced slope stability analyses. Sediment 

supplied from slope failures strongly influences sediment transport processes in river channels. In general, sediment derived 

from slopes is finer than bed material. The incorporation of fine sediment into the bed reduces the critical shear stress required 

for sediment transport (Egiazaroff 1965; Hirano 1971). Furthermore, when sediment supply exceeds the equilibrium transport 360 

capacity, deposition of fine particles alters the bed structure and frictional properties, potentially increasing transport capacity 

(John et al. 1999). Therefore, it is important to evaluate sediment production and transport at the watershed scale.  

Several approaches have been proposed to evaluate rainfall-induced slope failure and sediment production at the watershed 

scale. The TRIGRS model (Baum et al. 2008) computes factor of safety at each grid cell based on pore-water pressure obtained 

from a one-dimensional Richards equation, allowing identification of unstable areas across a watershed. While computationally 365 

efficient, TRIGRS cannot estimate slip surfaces or landslide volume. Burton et al. (1998) developed a model that estimates 

critical saturation and landslide volume using fine-resolution stability calculations and empirically derived relationships and 

then couples these results with coarser-scale hydrological and sediment transport simulations. However, this model is difficult 

to apply to watersheds with different geotechnical conditions and assumes a unique critical saturation threshold without 

accounting for uncertainty. In contrast, the proposed method performs rainfall infiltration–slope stability analyses for a large 370 

number of slopes with varying topographic and geotechnical conditions, enabling probabilistic estimation of failure saturation 

and landslide volume. This approach allows efficient evaluation of sediment production processes at the watershed scale with 

relatively low computational cost, making it a promising tool for large-scale sediment disaster risk assessment. As shown in 

Figure 5, even under same rainfall conditions, the sediment discharge in the case with cohesion of 0.1 tf/m² is nearly 1.5 times 

larger than that in the case with 1.5 tf/m². This indicates that increased supply of fine sediment enhances the total sediment 375 

discharge from the watershed. In addition, changes in produced sediment alter the dominant sediment sources, which in turn 
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affects the average grain size of the discharged sediment. These results demonstrate that the proposed method enables 

estimation of both sediment supply and grain size, which are essential for watershed-scale sediment dynamics assessment. 

Regarding slope failure prediction, this study estimated failure probability by using saturation ratio with four slope parameters 

(cohesion, internal friction angle, slope gradient, and slope length). Instead of providing a deterministic prediction, the model 380 

introduces probabilistic variability even under identical conditions. In general, more unstable slopes tend to fail at lower 

saturation ratio (Regmi, et al. 2010; Sujit et al. 2015). However, it is difficult to determine failure occurrence based on a single 

parameter alone (Çellek 2020), and interactions among multiple factors must be considered. In real slopes, additional factors 

such as vegetation, soil properties, land use, curvature, and elevation also affect stability (Budimir 2015). Although it is difficult 

to explicitly incorporate all these factors at the watershed scale, the proposed method indirectly accounts for such uncertainties 385 

by representing failure occurrence as a probability conditioned on saturation ratio. As a result, even slopes that are classified 

as stable based on input parameters retain a non-zero probability of failure, allowing rare failure events to be reproduced. This 

probabilistic representation is particularly effective for long-term simulations such as climate change prediction, where slope 

failures tend to initiate in highly unstable slopes and propagate progressively with inherent variability, rather than occurring 

uniformly across the landscape. 390 

Regarding cohesion, laboratory tests yielded values in the range of 0.07–0.53 tf/m², whereas a value of 0.95 tf/m² provided the 

best agreement with observed sediment production. This discrepancy is likely due to additional cohesion provided by 

additional cohesion due to roots. Although the dominant tree species in the Pekerebetsu basin are unknown, the basin is widely 

forested. Additional cohesion due to roots depends on root diameter and density (Schmidt et al. 2001), and it in forested areas 

is typically reported in the range of 0.2–0.9 tf/m² (Schmidt et al. 2001; Wu et al. 1979; Hubble et al. 2013). Therefore, the 395 

value of 0.95 tf/m² can be considered reasonable when accounting for both soil and root cohesion. However, additional 

cohesion due to roots varies with vegetation type and exhibits depth-dependent distributions (Bischetti et al. 2009), and thus 

also depends on the location of the slip surface. Further investigation is required to incorporate spatial variability of root 

reinforcement and slip surface depth into the model. 

For landslide volume estimation, this study predicted failure length from slope parameters and multiplied it by soil depth and 400 

slope width. As shown in Figure 2(c), failure length tends to converge to approximately 15–20 m when slope length exceeds 

15 m. In particular, failure lengths exceeding 20 m were observed under relatively stable slope conditions. This is likely 

because failure occurs at higher saturation ratio, resulting in soil masses with higher water content and larger mobilized 

volumes. Similarly, Mukhlisin et al. (2008) reported that slopes with higher effective porosity are less prone to failure but tend 

to generate larger-scale landslides when failure occurs due to higher water content. These findings suggest that increased 405 

rainfall intensity under climate change may lead to unprecedented increases in landslide volume due to higher water content 

at failure. 

In the Pekerebetsu basin simulation, soil depth was assumed to be spatially uniform. This assumption is supported by the 

strong empirical relationship between landslide volume 𝑉𝐿 and landslide area 𝐴𝐿 , commonly expressed as 𝑉𝐿 =

𝛼𝐴𝐿
𝛽

(Amirahmadi et al. 2016; Guzzetti et al. 2009; Rice and Foggin 1971; Imaizumi et al. 2008). Assuming a constant soil 410 
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depth 𝐷𝑠 , landslide volume can be approximated as 𝑉𝐿 = 𝐴𝐿𝐷𝑠 , implying a linear relationship between volume and area. 

Although the coefficients 𝛼⁡and 𝛽⁡vary among regions, they can often be approximated as constant within a single watershed, 

suggesting that the effect of spatial variability in soil depth is effectively incorporated into these empirical parameters. 

Therefore, assuming a uniform soil depth provides a reasonable approximation for watershed-scale sediment production 

estimation. However, there are limitations in the representation of slope width. In this study, slope width was defined as the 415 

slope area divided by slope length based on ridge–valley segmentation, whereas actual failure width depends strongly on 

failure mechanisms and terrain conditions. For example, Li et al. (2022) showed that failure width tends to decrease downslope 

due to lateral confinement. Future work should incorporate three-dimensional analyses that account for spatial variability in 

soil depth and lateral variations in failure width. 

5 Conclusion 420 

In this study, rainfall infiltration–slope stability analyses were conducted for slopes with diverse geotechnical and topographic 

conditions, and a machine learning model was developed using slope parameters together with the saturation ratio at failure 

and failure length as training data. The model enables the estimation of both the critical saturation at failure and the 

corresponding failure length directly from slope parameters. 

The trained machine learning model was then applied to each slope elements within a watershed to estimate failure saturation 425 

and failure length, and these estimates were incorporated into a sediment production and transport model. This integration 

allows for the simulation of sediment production due to slope failures and subsequent sediment discharge at the watershed 

scale. 

To estimate failure saturation, a probabilistic approach was adopted by predicting failure probability as a function of saturation. 

This framework enables the incorporation of uncertainties arising from factors not explicitly represented in the input 430 

parameters, such as spatial variability in soil depth and vegetation effects. 

The proposed model was integrated into the sediment production and transport framework and applied to the Pekerebetsu 

River basin, successfully reproducing sediment production and discharge during the 2016 heavy rainfall event in Hokkaido.  
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Code and data availability 

The data required to reproduce the figures and tables presented in this paper, together with the machine-learning scripts 435 

developed in this study, are available from Zenodo at https://doi.org/10.5281/zenodo.20118904. The repository includes the 

calculation results used for the figures, the training data generated from the rainfall infiltration–slope stability analyses, the 

machine-learning model outputs, and the scripts used to train and apply the machine-learning models. 
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