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While the rainfall-related disasters in mountainous areas usually occur as multi-modal types, most of the existing 
warning systems only considered a single hazard. In past years, some events, e.g. sediment disasters in Taiwan during 
Typhoon Morakot in 2009, showed that a single disaster prevention plan cannot tackle the risk under the extreme 
climate situation. This study integrated rainfall-infiltration, slope stability, water discharge, sediment runoff, and 
riverbed deformation model to simulate a multi-modal sediment disaster on a basin scale. In addition, compared with 
physically-based model (IRIS model) which can offer precise simulation results but time-consuming calculation, this 
study used Wcr method to predict the occurring time, location, and scale of landslides with high performance on 
calculation as well as acceptable accuracy. Moreover, it also can simulate the runoff of slopes to replace the kinematic 
wave method. The results not only can offer the verification of the disaster prevention plan but also provide the 
foundation of developing a multi-modal disaster warning system. 
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1. INTRODUCTION 
 

Japan is threatened by typhoons and heavy 
rainfalls frequently. The most common natural 
disasters in mountainous areas include landslides, 
floods, and debris flows. They may cause loss of life 
and property, as well as damage to roads, bridges 
and other infrastructure. In fact, the disasters during 
typhoon or heavy rainfall were usually the result of 
flooding and the moving of sediment. For example, 
some rainfall could not infiltrate into the soil and 
directly converted to runoff, and a lot of runoff then 
caused some communities to be inundated as well as 
forming a flood to wash away roads and bridges. On 
the other hand, some rainfall infiltrated into the 
slope and resulted in the rise of pore water pressure, 
leading to the reduction of effective stress as well as 
causing landslides. Moreover, the landslide 
sediment might form debris flow and destroy 
buildings or enter river channels to cause riverbed 
rising, reducing the drainage capacity and resulted 
in inundation, further forming a landslide dam to 
derive a secondary disaster. Thus, the 
rainfall-related disasters in mountainous areas 
usually occur as a multi-modal type, that is, some 
disaster events might affect or trigger others with 

the complex relationship of spatial and temporal 
[Highland and Bobrowsky, 2008; Kappes et al., 
2012]. Hence, if the disaster prevention plan in 
mountainous areas only considered a single hazard 
individually, it cannot tackle the risk under extreme 
climate situation. For instance, the disasters of 
Typhoon Morakot (2009) in Taiwan and the 
Typhoon Talas (2011) in Japan were the typical 
cases [Chen and Fujita, 2013; Chigira et al., 2013]. 

However, limited by the complexity of 
multi-modal disasters and the division of labor in 
the disaster prevention system of the government, 
the existing warning systems in the mountainous 
areas only focused on an individual single hazard, 
and lacked the capability of overall consideration 
especially in evacuation decision-making. Thus, the 
existing warning systems only offered simplified 
alerts (e.g., the sediment disaster alert and the water 
level alert) to predict whether the disaster occurred 
in a wide area. They cannot accurately predict the 
location, scale, type, magnitude of potential 
disasters, and the probable change of the 
circumstance related to evacuation. Due to the rough 
of the existing warning information, the inhabitants 
living in the hazard potential areas are difficult to 
feel the imminent risk and evacuate voluntarily. 

591



 

 

That is, even if the local government issued alerts, 
the inhabitants might refuse to evacuate [Chen and 
Fujita, 2013].  

In addition, for the local government which is 
responsible for issuing the evacuation order, the 
existing warning systems are unable to foresee the 
routes interrupted by flooding or damaged roads, 
leading to the failure of evacuation. Moreover, 
because the existing warning systems lack scenario 
simulation capacity, they cannot demonstrate the 
severity of the potential disaster even if the rainfall 
is predicted to be 1,000 or 2,000 mm. Hence, it is 
difficult for local governments to make the 
appropriate decision about how to allocate resources 
[Chen and Fujita, 2013].  

Therefore, the rainfall-related disaster prevention 
plan and warning system in the mountainous areas 
should use basin scale as the monitoring target, and 
consider the multi-hazards, including the moving of 
floods and sediment as well as their interaction. 
Thus, establishing the simulation model of the 
multi-modal sediment disaster is the most important 
foundation to develop a basin-scale warning system 
and verify the feasibility of the disaster prevention 
plan. 

When establishing rainfall-runoff simulation 
model on a basin scale, using unit channels and unit 
slopes has been extensively used [Tachikawa et al., 
2004; Lee et al., 2011]. Moreover, the integrated 
model of rainfall-runoff and sediment-runoff also 
has been studied by some researches [Egahsira and 
Matsuki, 2000; Takahashi et al., 2000]. However, 
the research which integrates the landslide 
prediction, rainfall-runoff and sediment-runoff to 
simulate a multi-modal sediment disaster in 
mountain areas is relatively unexplored. 

Generally, the methods of predicting landslides 
can be divided into two types - statistical model and 
physically-based model. The statistical model 
usually uses historical disaster inventories to extract 
the easy-to-collect indicator (e.g., rainfall) to 
identify the triggering value of landslides [Chen and 
Fujita, 2013]. The statistical model is easy to 
employ and can be used in wide-area monitoring, 
but it can't offer the exact occurring location and 
scale of landslide [Chen and Fujita, 2013]. On the 
contrary, the physically-based model can give not 
only the occurring time but also the occurring 
location and scale of landslides [Xie et al., 2004; 
Tsutsumi et al., 2007]. However, the 
physically-based model is usually only applied in a 
specific slope because of the time-consuming 
calculation. That is, it is difficult to apply a 
physically-based model to predict landslide in a 
real-time warning system on a basin scale.  

 
Fig. 1 The multi-modal sediment disaster simulation model on a 
basin scale 

 
This study proposed a new warning indicator 

(Critical water content, Wcr) for predicting 
landslides [Chen and Fujita, 2014]. This indicator 
was derived from physically-based model and had a 
clear physical meaning, as well as it also had 
high-performance calculations to predict occurring 
time, locations, and scale of landslides on a basin 
scale. Moreover, it also can simulate the runoff of 
slopes to replace the kinematic wave method 
[Takasao and Shiiba, 1988;  Egahsira and 
Matsuki, 2000]. 

This study integrated rainfall-infiltration, slope 
stability, water discharge, sediment runoff, and one 
dimension elevation-changing of the riverbed model 
to simulate the multi-modal sediment disaster on a 
basin scale (see Fig. 1). The results not only can 
help to verify the feasibility of disaster prevention 
plan but also provide the foundation of developing a 
multi-modal disaster warning system. 

 
2. MATERIALS AND METHODOLOGY 
 
2.1 Study area and basin simulation model 

Because grid-based analysis units could be easily 
obtained and managed, as well as the algorithm was 
simpler, many studies used grid as the unit for slope 
stability analysis on a basin scale [Casadei et al., 
2003; Chang and Chiang, 2009]. However, grid cell 
can't represent geological, geomorphologic, or other 
environmental boundaries, the results by the 
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grid-based method were relatively unacceptable in 
physical terms [Xie et al., 2004]. Hence, some 
researchers used slope units to conduct the landslide 
hazard evaluation [Carrara et al., 1991; Crosta et 
al., 2006] and landslide prediction [Xie et al., 2004; 
Wang et al., 2006]. This study adopted slope unit as 
the slope stability analysis unit, and used the 
composition of unit channels and slope units to 
establish the basin model (see Fig. 2). Using GIS 
software and DEM data of topography [Xie et al., 
2004], this study demarcated the slope units in the 
study basin according to the watershed boundary, 
slope aspect, and the rationality of the centroid 
which would be employed to estimate the length of 
the slope. This study assumed the length of the slope 
is double distance between the centroid to the toe of 
the slope unit (see Fig. 3(a)). The geomorphologic 
parameters of each slope unit and unit channel also 
could be obtained by GIS software. 

The study area is located in the Shizugawa basin, 
Uji, Kyoto Prefecture, sandstone-shale interface is 
the most common lithology in the study area. The 
basin area is about 10.8 km2, and was divided into 
435 slope units and 127 unit channels. To simplify 
the analysis, each slope unit was defined as a simple 
slope model which consisted of four parameters (see 
Fig. 3(b)), where α is the mean slope of the ground 
surface, β is the inclination of bedrock, L is the 
horizontal length of the slope, n is the soil thickness 
of the downstream of the slope. The value of α and 
L can be calculated by GIS software. According to 
the field survey after the disaster in August 2012, all 
slope failures were shallow landslides and the mean 
depth was about 2m. Accordingly, the value of β 
was set the same as α, and n was set as 2m for all 
slope units. 

This study selected the heavy rainfall disaster on 
August 14 in 2012 as the simulation case, and used 
the rainfall data of X-band radar with spatial 
resolution of 285m and time step of 1 minute. Using 
the satellite image of Rapid Eye on September 24 in 
2012, 35 slope units were identified as newly 
collapsed slopes after the rainfall event. According 
to the aftermath disaster survey, the occurring time 
of landslides was identified between 04:30~06:00 
on August 14. In addition, Kyoto Prefecture [2013a; 
2013b] indicated that the flood overflowed the unit 
channel of No.122 at around 04:30~05:30, and the 
maximum water level raised about 3m as well as the 
maximum water discharge was about 80CMS. The 
flood washed out one house to cause two fatalities. 
Besides, the maximum water discharge in the unit 
channel of No.127 (i.e., the downstream of the 
basin) was about 100CMS. The simulation results of 
this study would be verified by using the 
above-mentioned information. 

 
Fig. 2 Basin model in this study (a) a unit channel has two 
inflow points and one outflow point (b) each unit channel has 
two unit slopes to represent the watershed of each unit channel 
(c) each unit slope can be divided into several slope units 
according to the slope aspect and other parameters 

 

 
(a) 

 
(b) 

Fig. 3 (a) The paradigm of the slope units (the red dot is the 
centroid of the slope unit) (b) The simplified model of slope 
unit for the following stability analysis 
 
2.2 Landslide prediction model 

This study used the Integrated Rainfall 
Infiltration Slope stability (IRIS) model to conduct 
the slope stability analysis [Chen et al., 2013]. The 
IRIS model can be divided into several modules. 
The rainfall-infiltration module adopts the Richard’s 
equation to simulate the infiltration and water flow 
in the soil. The result of infiltration analysis, which 
was calculated by the finite-element method, was 
then used to conduct a slope stability analysis 
simultaneously. A simplified Janbu method and 

Ls /2 

Slope unit 
(No. 376) 
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dynamic programming (DP) method were used to 
determine the factor of safety and the critical slip 
surface. 
2.1.1 Verification of the IRIS model 

To confirm the applicability of the IRIS model 
for landslide prediction, this study selected a 
representative slope unit (No.376, see Fig. 3(a)), 
which occurred a landslide at around 05:00 on 
August 14, 2012, for model verification. The 
simulation used the rainfall data of X-band radar 
from July 1 to August 12 as the antecedent rainfall, 
and prime simulation duration was from August 13 
to August 14 with 1 minute interval. The parameters 
used in the simulation are listed in Table 1, and they 
were obtained by field survey and laboratory 
experiment. The simulation results are shown in Fig. 
4. The landslide occurring time from the simulation 
was very similar compared with the actual event. 
However the actual collapse maybe developed in 
multi-stage, thus the landslide scale from the 
simulation was smaller. 
2.2.2 Water content index for landslide prediction 
(1) Critical water content index 

While the IRIS model can effectively simulate 
both shallow landslide and deep-seated landslide 
[Chen et al., 2013], the large computing time makes 
the IRIS model difficult to employ on a basin scale. 

The previous study found that the water content 
in the slope was very similar when the slope 
collapsed even if the different rainfall patterns were 
employed [Chen and Fujita, 2014]. Therefore, they 
suggested the water content could be used as a 
warning indicator for landslide prediction. To verify 
the feasibility of above suggestion, this study 
assumed a tentative slope to conduct landslide 
simulation by using IRIS model under 8 
constant-intensity rainfall scenarios. The 
geomorphologic parameters of the tentative slope 
used the middle value of the 435 slope units in the 
basin (i.e., L=154m, α=31o, β=31o, n=2m), and the 
width of slope was 1m. The simulation results are 
shown as Table 2. 

The results showed that although the landslide 
occurring time varied greatly under 8 different 
rainfall patterns, the water content was within a 
similar range when the landslide occurred. This 
finding indicated that using water content as the 
landslide warning indicator was feasible. 
(2) Procedures of conducting multiple regression 

formulas for the Wcr method 
This study used water content as a landslide 

warning indicator. First, the critical water content 
(i.e., the water content when the slope collapsed, 
Wcr) for each slope had to be set. Then, the system 
calculated the change of water content (Wt) during 
the rainfall duration. 

Table 1 Hydraulic characteristics and soil strength of the soil of 
the slope in the Shizugawa basin 

Hydraulic 
parameters 

Ks θs θr ψm σ 
cm/s m3/m3 m3/m3 cm - 

Upper layer 0.0035 0.467 0.240 -31.2 1.40
Lower layer 0.0005 0.468 0.270 -23.7 1.17

Soil strength 
γsat C ψ 
t/m3 tf/m2 degree 
1.64 0.7 31 

 

 
Fig. 4 The simulation of the landslide due to heavy rainfall on 
August 14, 2012 in the Shizugawa basin, Uji, Kyoto 

 
Table 2 The water content of the tentative slope unit when the 
landslide occurred during 8 different rainfall patterns 

Rainfall 
(mm/h) 

Wcr (m3/m)
Landslide 

occurring time 
(min) 

Profile of the 
slip surface 

(m2) 

I=10 140.84 1359 123.25 
I=20 140.77 809 77.42 
I=30 140.45 638 68.25 
I=40 140.06 556 68.25 
I=50 139.74 509 68.25 
I=60 139.41 479 68.25 
I=80 138.84 445 57.42 

I=100 138.20 427 57.42 
mean 139.79 652.75 73.56 

Standard 
deviation (SD)

0.936 311.16 21.11 

SD/mean (%) 0.670 47.67 28.69 

 
Because the IRIS model is time-consuming, this 

study used multiple regression formulas, which was 
based on the IRIS model, to calculate Wcr and Wt. If 
Wt was greater than Wcr, the slope unit would be 
determined as a collapse. 
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Table 3 The representative slope lengths and slopes 
 Distribution 

of slope 
length (m) 

Number 
of slope 

units 

representative 
slope length 

(m) 

representative 
slope (degree) 

1 15.0~54.8 96 42 30~35 (6 sets) 
2 54.9~94.5 138 74 30~37 (8 sets) 
3 94.6~ 134.3 102 114 29~37 (9 sets) 
4 134.4~174.0 44 154 29~34 (6 sets) 
5 174.1~213.8 29 194 29~33 (5 sets) 
6 213.9~ 253.5 18 234 29~32 (4 sets) 
7 253.6~ 293.2 5 258, 259 28.7, 31.9(2sets)
8 293.3~333.0 3 299, 311 27.9, 31.8(2sets)

* Total are 42 virtual slope units 
 

 
Fig. 5 The flowchart of predicting landslides by Wcr method 
 
Table 4 The regression coefficients of Wcr 

 L≦95 m 95<L≦185 185<L≦255 L >255 m 
c1 0.54789 0.522459 0.553529 0.776762
c2 -0.00029 -3.1E-05 -8.2E-05 -2.5E-05
c3 -0.00212 -0.0019 -0.0026 -0.01065
c4 -9.3E-05 -0.0001 -0.00033 -0.00029

 
Table 5 The verification result of predicting Wcr by regression 

No. 
slope 

L 
(m) 

α 
(deg) 

I  
(mm/h) 

Wcr 
(m3/m) 

(by IRIS) 

Wcr  
(m3/m) (by 
Regression)

error  
(%) 

31 29 34.3 40 26.87 26.87 0.00 
192 71 33.3 40 64.36 64.38 0.03 
71 137 31.4 40 124.55 124.55 -0.00
406 214 32.2 40 188.97 188.68 -0.16
136 299 27.9 40 277.34 275.38 -0.70

 
The procedures of conducting the multiple 

regression formulas were summarized as follows: (i) 
Divided the slope units into 8 groups based on the 
distribution of slope lengths, and a representative 
slope length were selected from each group (see 
Table 3). Because the number of slope units was 
fewer in the 7th and 8th group, this study selected 
two actual slope units as the representative slope 
length. (ii) 42 virtual slope units were established by 
taking different representative slopes of ground 
surface α (at 1o interval). (iii) Conduct 
rainfall-infiltration-slope-stability simulation of the 
42 virtual slope units with IRIS model and different 
rainfall patterns (as in Table 2), using parameter 

listed in Table 1. (iv) Using the simulation results of 
the IRIS model to proceed multiple regression to 
generate the multiple regression formulas I, II, III, 
and IV, which were employed to predict Wcr , the 
initial water content (Wini), the change of the water 
content(Wt), and the volume of landslide sediment 
(Vs) for each slope unit.  

The flowchart of predicting landslides by Wcr 
method is shown in Fig. 5. 
(3) Multiple regression result and verification 
i) Critical water content Wcr (Regression I) 

Based on the simulation results of the 42 virtual 
slope units under 8 different constant-intensity 
rainfalls, the regression formula of Wcr can be 
expressed as follows (called regression formula I): 

)1(604321 IccLcccr  
 )2(VW crcr    

where c1 to c4 are regression coefficients (see 
Table 4), L is the horizontal length of the slope unit 
(m), α is the inclination of the ground surface (deg), 
I60 is the rainfall intensity in 60 minutes, θcr is the 
critical water content ratio (m3/m3), V is the soil 
volume of the slope unit in unit width (m3/m). The 
regression coefficients are divided into four sets by 
the slope length. For example, the regression 
coefficients of L≦95m were obtained by using the 
simulation results of the 14 virtual slopes (L=42m 
and L=74m) under 8 different rainfall pattern by 
IRIS model. To verify the accuracy of the regression 
formula I, this study used 5 actual slope units to 
calculate Wcr under the same rainfall by IRIS model 
and regression formula individually. The results are 
shown in Table 5. 
ii) Initial water content (Regression II) 

To eliminate the influence of different initial 
water content in slope stability analysis, the method 
of setting initial water content for all slope units in 
this study was described as follows: a) The uniform 
water pressure head (ψ= -0.01m) was given in all 
soil and drained off the water naturally for 900 days. 
b) To avoid the soil becoming excessively dry, all 
slope units were given a constant-intensity rainfall 
(0.1mm/h) during the drainage period. c) All slope 
units were given the actual antecedent rainfall 
(2012/7/1~8/12) to simulate the distribution of water 
in the soil by the IRIS model. 

Using the initial water content of the 
aforementioned 42 virtual slope units for calculating 
Wcr conducted the multiple regressions as Eq. (3) and 
(4). The regression coefficients were shown in Table 
6. The comparison of initial water content by the 
IRIS model and the multiple regression formula is 
shown in Table 7. 
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Table 6 The regression coefficients of Wini 
 L≦95 m 95<L≦185 185<L≦255 L >255 m 

c1 0.318859 0.332008 0.336314 0.342907
c2 0.00027 7.47E-05 9.19E-05 0.000124
c3 0.000209 0.000319 6.26E-05 -0.00041

 
Table 7 The verification result of predicting Wini by regression 

No. 
slope 

L 
(m) 

α 
(deg) 

Wini (m3/m) 
(by IRIS) 

Wini  (m3/m) 
(by Regression)

error 
(%) 

31 29 34.3 19.35 19.36 0.09
192 71 33.3 49.01 48.99 -0.04
71 137 31.4 96.54 96.52 -0.02
406 214 32.2 153.12 153.23 0.07
136 299 27.9 220.70 220.52 -0.08

 
Table 8 The regression coefficients of the water content 

 L≦95 m 95<L≦185 185<L≦255 L >255 m
c1 7.87E-05 8.22E-05 8.23E-05 9.05E-05
c2 9.33E-09 -1.5E-10 -7.4E-09 -9E-09
c3 1.12E-08 -4.2E-09 1.62E-08 5.44E-08
c4 6.37E-06 5.61E-06 5.22E-06 4.74E-06
c5 -0.00023 -0.00022 -0.00022 -0.00023

 

 
Fig. 6 The change of water content using the IRIS model and 
the regression formula 
 
Table 9 The regression coefficients of Vs 

 L≦95 m 95<L≦185 185<L≦255 L >255 m 
c1 2.580216 1.726502 0.646846 3.204391
c2 -0.00816 -0.00214 0.000756 0.00284
c3 -0.0467 -0.03181 -0.01912 -0.12285
c4 -0.00169 -0.00253 -0.00129 -0.00038

 
Table 10 The verification result of predicting Vs by regression 

No. 
slope 

L 
(m) 

α 
(deg) 

I  
(mm/h) 

Vs (m3/m) 
(by IRIS) 

Vs   
(m3/m) (by 
Regression)

error  
(%) 

31 29 34.3 40 40.25 39.09 -2.9 
192 71 33.3 40 54.17  53.65 -1.0 
71 137 31.4 40 64.40 64.38 23.5 
406 214 32.2 40 50.25 61.55 22.5 
136 299 27.9 40 433.25 365.36 -15.7 

 

)3(321   cLccini

 )4(VW iniini    

where θini is the initial water content ratio 
(m3/m3), Wini is the initial water content in the unit 
width (m3/m). 

 

iii) Change of water content (Regression III) 
Because the changing of water content were not 

only related to slope unit size but also rainfall 
intensity and saturation of soil, the multiple 
regression formula III was expressed as Eq. (5) and 
(6). The simulation results of the 42 virtual slope 
units which were calculated by the IRIS model 
under the actual representative rainfall (60 hours) 
were used to generate the regression formula III. 

)5(154321  ttt cIccLccd 
 )6()( 1 VdW ttt     

where It is the rainfall intensity (mm/h) at time t, 
θt is the water content ratio of the soil (m3/m3), θt-1 is 
the water content ratio at the previous time-step, dθt 
is the change of the water content ratio (m3/m3), Wt 
is the water content of the soil in unit width (m3/m). 
The regression coefficients were shown in Table 8. 
Fig. 6 shows that the result of using the regression 
formulation is similar to the result of the IRIS model 
in calculating the water content. 
iv) Scale of landslide (Regression IV) 

Because Table 2 implied that the scale of 
landslide was smaller when the rainfall intensity 
was higher, this study adopted Eq. (7) and (8) to 
predict the scale of landslide. The regression 
coefficients (see Table 9) were obtained from the 
regression results of the aforementioned 42 virtual 
slope units of calculating Wcr by the IRIS model 
under 8 different constant-intensity rainfall. The 
verification results are shown in Table 10. 

)7(604321 IccLccRs  
 )8(VRV ss   

where Rs is the landslide volume ratio (m3/m3), 
Vs is the volume of the landslide sediment in unit 
width (m3/m). 

 
2.3 Water discharge and sediment runoff model 
2.3.1 Water discharge model 

The basin model in this study consists of unit 
channels and slope units. The runoff of each slope 
unit enters the adjacent unit channel, and then drains 
to downstream. Many studies used the kinematic 
wave method to estimate the runoff of slopes. 

While kinematic wave method was easy to use, it 
is too rough and only suitably applied during 
rainfall. Because Eq. (5) and (6) can estimate the 
change of water content in the soil, from water 
balance views, the runoff of the slope can be 
calculated by the difference between rainfall and the 
change of the water content (see Eq. (9)). This study 
assumed that the runoff of each slope unit was 
distributed uniformly on the slope, and it drained as 
the overland flow into the adjacent unit channel.  
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Fig. 7 The diagram of calculating runoff on the slope 

 
The time of concentration of each slope unit 

could be calculated by Eq. (10) [SCS, 1986], and it 
was taken to integer of at least 1 minute. Then using 
the segmental approach (see Fig. 7) estimated the 
discharge which entered the adjacent unit channel 
for each slope unit by Eq. (11). 
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where Rt is the runoff of the slope unit in unit 
width at t minute (m3/m/min), Pt is the precipitation, 
ΔWt is the change of the water content, tc is the 
time of concentration of overland flow on the slope 
unit (min), Ls is the slope length (m), k is the 
coefficients of overland-flow velocity (k=0.21 (m/s), 
forest with heavy ground litter), So is the mean slope 
(m/m), qs is the discharge from the slope unit in unit 
width (m3/m/min) (see Fig. 2). 

This study assumes the cross-section of each river 
is of rectangle shape, and the continuity equation 
can be express as follows:  
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where h is the water depth, B is the width of the 
unit channel, Lc is the length of the unit channel, 
Q(xi) and Q(yi) are the water discharge from the 
upstream, Q(xi+1) is the water discharge to the 
downstream, nm is the Manning's roughness 
coefficient, I is the slope of the unit channel, q is the 
runoff from unit slopes in unit width (see Fig. 2). 
2.3.2 Sediment runoff model 
According to the principle of mass conservation, the 

continuity equation of the sediment runoff is 
expressed as follows [Egahsira and Majtsuki, 2000]:
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where z is the elevation of riverbed, λ is the 
porosity of the sediment, Qs is the sediment 
discharge, pj is the proportion of the grain of 
diameter dj in the riverbed surface, pj0 is the 
proportion of the grain size dj in the riverbed bottom, 
Δ is the thickness of the mixed layer. Qsj is sediment 
discharge of grain size dj, and it can be calculated by 
Ashida-Michiue formula [Ashida and Michiue, 
1972]. Qsw is the wash load discharge, and it can be 
estimated by the following equation: 
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where pw is the proportion of the wash load in 
the river sediment runoff. The wash load is defined 
as the grain size of 0.1mm or less. In addition, the 
wash load concentration can be calculated by the 
following equation: 
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Generally, the source of the increasing sediment in 
the riverbed might be landslide, debris flow, bank 
erosion, etc. This study only considers landslide 
sediment as the increasing sediment, excluding 
other sources. 
2.3.3 Calculation condition 

The Manning's roughness coefficient of all unit 
channels is 0.03 [m-s]. If the two sides of the river 
bank had concrete revetment, the width of the unit 
channel is set as the actual size. The others are 
estimated by 5 / . where B is the width 
of the unit channel, A is the area of the basin, A' is 
the accumulated area of upstream unit channel, Q is 
set as 100 CMS (i.e., the maximum water discharge 
in the downstream of the basin during the heavy 
rainfall event). This study assumes the grain size 
distribution is same in all unit channels, the 
distribution is shown as Fig. 8. 
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3. RESULTS AND DISCUSSIONS 
 

3.1 Landslide prediction 
The simulation result indicated 187 slope units 

had collapsed. Compared with the location of the 35 
newly collapsed slopes identified from satellite 
image, 25 slopes were predicted as collapsed, and 
the others were not. The comparison of prediction 
and actual cases are shown in Table 11 and Fig. 9. 
Moreover, the occurring time of predicting landslide 
was between 04:34~05:39, which is very similar to 
the disaster survey. In addition, the warning hit rate 
(WHR) and the accuracy of landslide prediction 
(ALP) can be determined by Eq.(19) and (20). 

⁄ 100%  (19) 

⁄ 100%   (20) 

where PCAC is the number of slope units which 
were predicted as collapsed and actually collapsed, 
AC is the number which actually collapsed,; PNAN 
is the number of slope units which were predicted 
non-collapsed and actually did not collapse; NSU is 
the number of slope units. In this case, WHR is 
71.4% and ALP is 60.5%. Table 12 shows the 
comparison of predicting landslides by the IRIS 
model and the Wcr method. The results indicate that 
the landslide occurring time predicted by the Wcr 
method is very similar to by the IRIS model, and the 
landslide locations are same. In contrast, the difference 
of landslide-scale prediction is significantly larger. 
However, considering the application on 
early-warning, the landslide location and occurring 
time are dominant factors for issuing alerts. That is, 
using the Wcr method to predict landslides on a basin 
scale should be acceptable for the pragmatic 
operation in warning issuing. 

 
3.2 Prediction of flood and sediment runoff 

For flood prediction, the discharge of the 
representative unit channels on the upstream, 
midstream and downstream of the study area is 
shown in Fig. 10. Compared with the disaster 
survey report, the simulation results (Qmax=79.5 
CMS, the maximum rising water level =2.93m, the 
duration of overflow is 8/14 04:31~05:40) of unit 
channel No.122 were consistent (see Fig. 11). 

 
Fig. 8 The grain size distribution of riverbed in the study area 

 
Table 11 The comparison of prediction and actual landslides in 
the Shizugawa basin 

Number of slope units 
Prediction 

Collapsed Non-Collapsed

Actual 
Event 

Collapsed 25 10 

Non-Collapsed 162 238 

 

 
Fig. 9 The result of comparing prediction with actuality for the 
landslides in the Shizugawa basin 

 
Table 12 The comparison of landslide prediction by the IRIS model and the multiple regression formula (Wcr method) 

Case 
No. 

Slope 
L(m) 

α 
(deg) 

Actual 
collapse 

Calculated by IRIS model Predict by regression Difference 
of occurring 
time (min) 

Difference 
Slip surface 

area (%) 
Occurring 

time 
Slip surface 

area (m2) 
Occurring 

time 
Slip surface 

area (m2) 
1 367 121 36.3 Y 8/14 4:31 23.5 8/14 4:43 31.8 12 35.0 
2 366 200 31.8 Y 8/14 4:31 51.3 8/14 4:40 64.4 9 25.5 
3 134 228 30.7 Y 8/14 4:42 74.8 8/14 4:34 73.8 -8 -1.4 
4 309 230 29.2 Y 8/14 4:41 115.4 8/14 4:38 101.9 -3 -11.7 
5 192 71 33.3 N 8/14 5:35 54.2 8/14 5:30 42.5 -5 -21.6 
6 43 102 32.8 N 8/14 4:46 44.0 8/14 5:02 60.4 16 37.5 
7 71 137 31.4 N 8/14 4:43 63.1 8/14 5:00 66.6 17 5.4 
8 424 248 28.4 N No collapse No collapse same 
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Fig. 10 The simulation of the water discharge in the channels 
 

 
Fig. 11 The simulation of water level in the channel (No.122) 
 

 
Fig. 12 The variation of riverbed elevation in the channel 
(No.122) 

 
For the sediment runoff prediction, because the 

IRIS model and the Wcr method of predicting 
landslides were 2-D analysis, both can only predict 
the critical slip surface in unit width. According to 
the survey results after the disaster event, this study 
assumed the width of landslides as 20m, and 1/3 of 
the landslide sediment would enter the river 
channel. Fig. 12 shows the variation of riverbed 
elevation in the unit channel No.122 during the 
rainfall event. 
 
3.3 Discussions 

Due to the high-performance calculation of the 
regression formulas, the Wcr method can simulate 
the change of the water content for hundreds of 
slope units on a basin scale, and predict not only the 
landslides but also the runoff on the slope units. 
According to the above-mentioned verification of 
simulation results, using the Wcr method to replace 
the IRIS model for predicting landslides and the 
kinematic wave method for estimating the runoff on 
the slope unit was feasible. In addition, because the 

water content is highly related to the slope stability, 
the Wcr method is appropriate to express the risk of 
landslides on a basin scale. If the risk of each slope 
unit can be displayed on GIS platform, it is helpful 
to make the evacuation decision for the local 
government. 

Generally, the scale of the landslide is affected by 
the distribution of water pressure in the soil, and the 
distribution of water pressure is usually very 
complex. To simplify the multiple-regression 
formula, this study only used I60 to estimate the 
landslide scale (i.e., describe the distribution of 
water pressure). Compared with the prediction 
accuracy of occurring time and location of the 
landslide, the prediction accuracy of landslide scale 
is significantly lower. It needs further exploration to 
find the better multiple-regression formula. 

In this study case, the Wcr method were unable to 
indicate 10 newly identified collapsed slopes (i.e., 
the 10 slope units were predicted non-collapsed). 
Checking the topographic data of them, 8 slope 
units are gentle slope (average slope < 27.5o), and 1 
slope unit is small in length (L=58m). It implies that 
these 10 slopes might be the result of erosion, and 
this can be verified by detail surveys or 
high-resolution aerial photos. In addition, most of 
the over-predicting slope units, which were 
predicted collapsed but did not collapse actually, 
concentrated in the north part of the study area (see 
Fig. 9). Because soil characteristics sampling were 
only focused in the areas which occurred landslides, 
it might cause prediction error. Moreover, the land 
use and the thickness difference of soil also might 
affect the slope stability. If different soil parameters 
were used in different areas for predicting 
landslides, the accuracy (ALP) should be improved. 

Many studies employed kinematic wave method 
to simulate the rainfall-runoff because it could 
obtain the acceptable results easily by adjusting the 
parameters (e.g., the thickness, hydraulic 
characteristics, number of soil layers). However, it 
lacked the explicit physical meanings, and was only 
suitable during rainfall. In the contrary, the Wcr 
method estimated runoff from soil-water 
characteristic curve, and it also could be calculated 
very fast as well as be used during non-rainfall 
periods. It has the potential of replacing the 
kinematic wave method in the future. 

While evacuation had been recognized as an 
effective approach to reduce casualties in sediment 
disasters, evacuation decision-making is still a 
complex problem for local governments and 
inhabitants if they only relied on the existing 
warning system. Because the existing sediment 
disaster warning system only considered rainfall as 
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a warning index and lacked to consider 
topographical, geological and hydrological 
characteristics, it could not accurately predict the 
location, scale, type, and magnitude of potential 
disasters. The situation also reflected on the extreme 
low evacuation ratio even if the sediment disaster 
alert had been issued [Chen and Fujita, 2013]. 
 
4. CONCLUSIONS 
 

This study proposed a new multi-modal sediment 
disaster simulation model to predict landslides, 
floods, and riverbed deformation on a basin scale. In 
addition, compared with physically-based model 
(IRIS model) which can offer precise simulation 
results but time-consuming calculation, this study 
used Wcr method to predict the occurring time, 
location, and scale of landslides with high 
performance on calculation as well as acceptable 
accuracy. If the spatial information of the public 
infrastructure (e.g., roads, bridges, lifelines, and 
shelters) were added, it could be developed as a 
multi-modal sediment disaster warning system on a 
basin scale. It not only can provide the detailed 
warning information for local government and 
inhabitants to make the evacuation decision, but also 
be used as the platform to verify the disaster 
prevention plan during disaster preparation. 
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