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 In physically based landslide modeling, to improve the accuracy of source area prediction, it 
is important to not only use high-resolution terrain information but also apply field-based soil 
properties. The objective of this study was to use physically based models to evaluate the effect 
of root cohesion, which may have influenced slope instability and the occurrence of shallow 
landslides in a forested basin located in Saam-ri, Chuncheon, South Korea. The shallow 
landsliding stability (SHALSTAB) model used in this study was applied to three scenarios with 
different soil and root cohesion. In scenarios 1 (1 kPa) and 2 (2 kPa), 15.0 and 4.7% of the entire 
basin were classified as unstable (factor of safety (FS) <1.0 for the critical rainfall of 151 mm 
day-1), whereas in scenario 3 (2–20 kPa), where soil and root cohesion input was interpolated and 
rasterized spatially, only 4.3% of the entire basin was classified as unstable. The accuracy and 
precision of each scenario were evaluated using receiver operating characteristic (ROC) analysis. 
The area under the curve (AUC), accuracy, and precision in scenario 3 were 0.858, 96.4%, and 
32.1%, respectively, which were higher than those in scenarios 1 and 2. These results demonstrate 
the incorporation of spatial analysis of soil and root cohesion in determining the effect of root 
reinforcement in the SHALSTAB model. Thus, field-surveyed cohesion data and their 
interpolation can be applied to improve the accuracy and precision of the predictive simulation 
of shallow landslides.

1. Introduction

 Landslides in mountainous regions induced by heavy rain can cause significant damage to 
human livelihoods. The occurrence of landslides is affected by various factors such as 
topography, geological features, soil depth, and cohesion (including root cohesion).(1–4) Most 
landslides in Korea are failures of shallow soil layers within a depth of 2.0 m;(5–7) debris flow 
generated by translational landslides is the primary cause of sediment-related disasters. As 
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described in many studies, shallow landslides can be caused by various factors, especially as 
shown in recent studies on the tree root distribution, where vegetation roots were shown to have 
a growth limit of 2–3 m depth.(8,9) The limit of tree root growth is closely related to the soil layer 
(primarily the layer of soil above bedrock), which is affected by the geological structure.(8,9) 
Therefore, as the root system of trees is distributed in the spatial range where shallow landslides 
occur (disintegration of the sloping plane),(10) it is closely related to slope stability and collapse 
occurrence. In other words, when the roots of trees growing on a slope receive disintegration 
energy, the surface soil layer moves and deforms, and when the tensile resistance of the roots 
acts in the direction of the bedrock, the shear resistance of the soil increases, which acts in the 
opposite direction of the force.(11,12) Ultimately, the greater the tensile resistance (tensile 
strength) of the tree roots, the greater the soil shear resistance (shear strength), which increases 
slope stability.(12–19) Therefore, the effect of root reinforcement(11,20) has been commonly 
recognized as a typical feature of trees in preventing surface collapse.(10)

 Methods of evaluating the role of trees in slope stability and/or landslide prevention include 
not only direct measurement of the tensile resistance of tree roots(11,12,21,22) but also a method 
that uses the soil shear resistance, which is the increased value of soil cohesion, as root cohesion 
for calculation.(10) Additionally, because of the difficulty of directly measuring the tensile 
resistance of roots, it is estimated using previously reported data.(23,24) However, in several 
studies, soil cohesion values of 0 kPa,(25) 1 kPa,(26) and 1.5 kPa(27,28) have been used to represent 
tree root reinforcement, which were not appropriate for evaluating features preventing surface 
collapse. In fact, trees growing on a forested hillslope show different spatial distributions of root 
depth, top-root ratio, root density, and mass according to the species. Therefore, because tensile 
resistance varies depending on the species,(11,21,29) tree root reinforcement needs to be evaluated 
separately on the basis of tree species. To this end, it is necessary to obtain root tensile resistance 
data from field tests or by estimation from the spatial distribution data (i.e., depth, mass, and 
diameter) of the root system.(30) However, there are limitations in establishing an entire dataset 
for each species through field investigation. Thus, in recent studies, a method of calculating root 
cohesion by considering the crown density based on aerial photograph analysis and field 
investigation has been proposed, in which the effect of root cohesion on the slope safety factor 
was assessed using an infinite slope stability model.(31) To improve the predictive accuracy of 
landslide susceptibility in physically based landslide modeling, it is important to not only use 
high-resolution terrain information but also apply field-based soil properties. When applying 
field-surveyed data of soil properties, it should be examined thoroughly whether they reflect the 
characteristics of each tree species, especially from the ecosystem service perspective of the 
forest, and lead to accurate location prediction of landslide sources in mountainous areas.
  Various models [transient rainfall infiltration and grid-based regional slope stability 
(TRIGRS), stability index mapping (SINMAP), and shallow landslide instability prediction 
(SLIP) models](32,33) have been used for landslide susceptibility assessment and prediction. 
However, methods such as TRIGRS that calculate the watershed using one value (a single-
layered, homogenous soil cover)(34) appear to have limitations in assessing the impact of trees. 
Thus, in this study, we used the steady-state condition shallow landsliding stability (SHALSTAB) 
model developed by Dietrich and Montgomery to consider the topography, because it is 
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internationally recognized as a model that can consider the spatial characteristics of the forest 
type (spatial distribution data cell by cell) and topography.(35)

 For the SHALSTAB model, we simulated shallow landslides using soil and root cohesion, 
including (1) the cohesion of the soil itself and (2) the root cohesion of each forest type. We also 
evaluated the effect of tree root cohesion for different forest types on the accuracy of the 
landslide occurrence simulation by comparison with aerial photographs and verification through 
a receiver operating characteristic (ROC) analysis after a landslide disaster. 

2. Materials and Methods

2.1 Study site

 The study site was located in a forested basin in Saam-ri, Chuncheon, South Korea 
(37°49′21.2″N, 127°47′03.2″E) (Fig. 1). The basin area was 0.34 km2, and the elevation in this 
region ranged from 99.0 to 675.1 m above sea level. The channel was 1150 m in length and had a 
slope of 13.2°. Gneiss (i.e., biotite/banded gneiss) was identified as the representative geology, 
and residence soil and colluvial soil appeared in the ridge and mountain foot areas, respectively. 

Fig. 1. (Color online) (a) Location map of the study site. Designed information includes shallow landslide areas 
and real-time rainfall stations distributed around the study site. The based map (i.e., shaded relief map) was 
generated from a 5 × 5 m digital elevation model (DEM). (b) Pictures of water flow in transport zone. (c) Sediment 
and driftwood in deposition area. (d) Extreme rainfall at the Chuncheon weather station from July 8 to 15, 2013.

(a)

(b) (c)

(d)



3850 Sensors and Materials, Vol. 33, No. 11 (2021)

Additionally, 84.6% of the basin was covered by coniferous trees, such as Larix kaempferi 
(69.1%, 23.4 ha), Pinus densiflora and Pinus rigida (14.6%, 4.9 ha), and Pinus koraiensis (0.9%, 
0.3 ha), 5.3% (1.8 ha) was covered by deciduous broad-leaved trees, such as Quercus spp., and 
10.1% (3.4 ha) was covered by mixed stands. The species composition, tree number, diameter at 
breast height, tree age, and crown density for each forest type are summarized in Table 1.
 In this study site, a sediment-related disaster (shallow landslide and debris flow) occurred at 
09:06 on July 14, 2013. It started from a shallow landslide of a filled slope on the forest road, and 
debris flowed downstream within the headwater catchment. The rain gauge (Chuncheon weather 
station) recorded 402 mm cumulative rainfall from 15:00 on July 07 to 09:00 on July 14, and a 
maximum intensity of 52.5 mm h−1 at the time of occurrence (08:00–09:00 on July 14). This 
event resulted in forest degradation of 5.67 ha and destroyed road facilities including guard rails 
and retaining walls near the Chuncheon tollgate on the Jungang expressway.

2.2 Model description

 The root reinforcement model proposed by Waldron in 1977 [Eq. (1)] was used to calculate 
the soil shear resistance generated by the tensile resistance of the roots (i.e., the effect of tree 
roots on soil reinforcement), which is applied in the opposite direction from the force that 
induces shear failure of the soil.(36)

 τ = σtanϕ + C + ΔC (1)

Here, τ is the soil shear resistance (kPa), σ is the normal stress on the shear plane (kPa), ϕ is the 
internal friction angle of the soil (degrees), C is the soil cohesion (kPa), and ΔC is increase in soil 
cohesion provided by the roots (kPa). 
 The infinite slope stability model is commonly utilized to predict shallow landslide areas 
because it reflects topographical characteristics and soil properties. The basic premise of this 

Table 1
Structural characteristics for each forest type in the study site.

Forest type Species Tree numbera

(trees 100 m−2)
Diameter at breast 

heighta (cm)
Tree ageb 

(year)
Crown densityb 

(%)
Korean white pine Pinus koraiensis 5–6 20.5 ± 2.2c 30–40 ≥70

Mixed

Quercus spp.
Prunus serrulata
Betula davurica
Pinus densiflora

Pinus rigida

6–13 20.9 ± 5.4 30–40 ≥70

Korean red pine/
Pitch pine

Pinus densiflora
Pinus rigida 5–8 28.4 ± 3.6 20–50 ≥70

Oak Quercus mongolica
Quercus variabilis 7–13 14.1 ± 1.2 30–40 ≥70

Japanese larch Larix kaempferi 6–8 23.7 ± 2.7 30–40 ≥70
a Measured in four 10 × 10 m survey plots for each forest type
b Analyzed using 1:5000 scale forest type map provided by the Korea Forest Service
c Mean ± standard deviation
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concept is that the surface soil moves parallel to the bedrock surface under the collapse force. 
The factor of safety (FS), expressed by Eq. (2), is the ratio of the resisting force to the driving 
force (destabilizing forces) on a slope.(32,37–40) The slope is stable when FS is greater than or 
equal to 1.0 and unstable when FS is less than 1.0.(33) FS can ultimately be expressed using 
Eq. (5) because the dimensionless relative wetness W is defined as the saturation storage of the 
soil in the steady-state condition (i.e., rainfall and infiltration) [Eqs. (3)(41) and (4)].

 FS = [cosβ {1 − W(ρw ρs
−1)} tanϕ + C + ΔC] sinβ−1, (2)

 W = Rc a (b T tanβ)−1, (3)

 W = h Z−1, (4)

 FS = sinβ cosβ−1 {1 − (ρwh ρsZ−1)} (tanϕ tanβ−1) (Ctotal ρsZ−1), (5)

 Rc = T sinβ (b a−1) (ρw ρs
−1) [1 − {(sinβ − C) (cosβ tanϕ)−1)}]. (6)

Here, β is the slope angle (degrees), ρs is the density of saturated soil (kg m−3),(42) ρw is the 
density of water (kg m−3), ϕ is the internal friction angle of the soil (degrees), C is the soil 
cohesion (dimensionless cohesion) (N m−2), ΔC is the increase in soil cohesion provided by the 
roots (N m−2), Rc is the critical rainfall necessary to trigger landslides (mm h−1), T is the saturated 
soil transmissivity (m2 h−1), a is the upslope contributing area (m2 m−1), b is the unit contour 
length (m), h is the vertical height of the water table, and z is the vertical soil thickness (m).

2.3 Conceptual framework of study

 The procedure used to determine the effect of tree root cohesion on shallow landslides is 
shown in Fig. 2. First, geological, topographical, heavy rainfall, and disaster history data were 
collected through an indoor survey of the designated sites. The DEM was prepared, and the 
topography was examined using 1:5000 scale digital topographic maps provided by the National 
Geographic Information Institute in Korea, and hydrological analysis of the flow direction and 
accumulation (single flow) was conducted using ArcGIS 10.1. The field cohesion survey (i.e., 
field vane test) and laboratory soil test (i.e., direct shear test) were conducted to determine the 
input parameters required for the SHALSTAB model for evaluating the effect of tree root 
cohesion. On this basis, the SHALSTAB simulation was conducted to estimate the source of 
shallow landslides. Finally, the simulation results were compared with aerial photographs after 
the disaster.

2.4	 Data	collection	and	field	sampling

 Soil shear strength is commonly described as a term of soil cohesion, and the increase in 
shear strength caused by the root tensile strength can be regarded as root cohesion.(43) The input 
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parameter for the SHALSTAB model simulation in this study was the minimum shear strength 
obtained from a field vane test (Fig. 3). The residual shear strength was applied, assuming that 
the soil was 100% saturated by heavy rainfall. However, in forests, a 20 cm depth value was 
used, taking into consideration the fact that the effect of root reinforcement on shallow landslides 
should be studied at a depth of 0–20 cm, where tree roots are mainly present, rather than 
0–10 cm depth.(11) Alternatively, a direct shear test was conducted using undisturbed soil 
samples collected near the field vane test site, and reliability was evaluated by comparing the 
results of the two tests.

2.5	 Scenario	design	and	data	interpolation

 Groundwater is located on the boundary between the soil layer, including the topsoil, and the 
underlying bedrock layer in the following scenario, and it was assumed that the soil is saturated. 
A cohesion value of 1 kPa was applied as a representative value in scenario 1, the minimum 
cohesion value (2 kPa) from the field survey results was applied as a representative value in 
scenario 2, and the field-surveyed soil and root cohesion (2–20 kPa) were applied according to 
the location in scenario 3.
 The SHALSTAB simulation was conducted using a 5-m-resolution DEM derived from the 
1:5000 scale digital topographic maps. The detailed input parameters for all the scenarios are 
shown in Table 2. The saturation unit weight and the angle of internal friction reflected the 
results of a direct shear test in Korean red pine (P. densiflora) forest. Different values were only 
used for cohesion C. In scenario 3, field-surveyed cohesion according to the location was 

Fig. 2. (Color online) Conceptual framework of the study.
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calculated and inputted into the data in the form of an interpolated raster using the kriging 
technique. Kriging is a statistical estimation method that interpolates data with a spatial 
distribution. Thus, the result of kriging reflected not only the distance from the measured value, 
but also the correlation between values measured in the surroundings. Previous studies have 
shown that kriging yields better estimations of altitude (height) than different interpolation 
methods, such as inverse distance weighting, nearest neighbor, and spline methods.(44,45)

2.6 Assessment of the predictive accuracy

 The accuracy evaluation of landslide prediction analysis is very important. Many 
researchers(1,4,33,46,47) have calculated the reliability of their models using ROC analysis. In this 
study, the prediction accuracy was evaluated using ROC analysis as follows: if an unstable grid 
cell was coincident with a landslide, it was counted as a true positive; if an unstable grid cell fell 
outside a landslide point, it was counted as a false positive; if a stable grid cell was coincident 

Fig. 3. Boxplot representations of the median (thick black line), upper and lower quartiles (box), 1.5 interquartile 
ranges (whiskers), and outliers (black dots outside whiskers) for selected cohesion data from field survey and 
sampling. Values above each box indicate mean ± standard deviation.

Table 2

Hydraulic and geotechnical parameters of the study site.
Input parameter Scenario 1 Scenario 2 Scenario 3
Soil thickness z (m) 1 1 1
Saturated unit weight (kg m−3) 1620 1620 1620
Permeability coefficient (m day−1) 40 40 40

Soil and root cohesion (kPa) 1 2
2–20

(Kriging interpolation 
method)

Internal friction angle (degrees) 38 38 38
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with a non-landslide point, it was counted as a true negative; if a stable grid cell fell outside a 
non-landslide point, it was counted as a false negative.(1) ROC curves were plotted using the true 
positive rate (TPR) and false positive rate (FPR).

3. Results

3.1 Characteristics of soil cohesion due to root reinforcement 

 As described in Sect. 2.4, the mean values (minimum to maximum values) of the minimum 
shear strength measured from the soil of each forest type were 8.5 kPa (4.7–16.2 kPa) for Korean 
white pine (e.g., P. koraiensis) forest, 5.6 kPa (2.8–20.0 kPa) for Korean red pine forest, 4.5 kPa 
(3.7–5.2 kPa) for mixed forest, 4.3 kPa (2.7–11.3 kPa) for oak (e.g., Quercus spp.) forest, and 
2.7 kPa (2.0–13.0 kPa) for Japanese larch (e.g., L. kaempferi) forest.
 Meanwhile, the other input parameters were determined on the basis of the data measured by 
the direct shear test, because the cohesion (16 kPa) at the sampling site (Korean red pine forest) 
was similar to the range of the field vane test results (5.3–17.3 kPa) at the same site. As such, we 
confirmed that the increase in soil cohesion due to root reinforcement depended on the forest 
type. 
 
3.2 Comparison of critical rainfall and landslide source areas based on scenarios 1 to 3

 The steady-state critical rainfall likely to trigger landslides in the study area was calculated to 
be in the range of 293.5–373.5 mm day−1. For scenarios 1 to 3, it was 293.5, 356.5, and 373.5 mm 
day−1, respectively. These values were much larger than the actual amount (i.e., 151 mm day−1) 
of rainfall that triggered landslides in the study area.
 The examination of the source of shallow landslides using aerial photographs after the 
disaster identified a steep drop-off below the ridge, lateral erosion on both stream banks, sinuous 
channels, and the cutting slope of the forest trail. A total area of 8350 m2 (2.5%) was extracted as 
the landslide area (Table 3).
 The results of the SHALSTAB model simulation for each scenario with a critical rainfall of 
151 mm day−1 are shown in Table 4. In scenario 1, the unstable land comprised 15.0% (50650 m2) 
of the basin. In scenario 2, 4.7% (15775 m2) of the basin was identified as unstable land. In 
scenario 3, which was simulated with the minimum values of cohesion (C + ΔC) surveyed, 
unstable land covered 4.3% (14400 m2) of the basin. The predicted area in each scenario was 
approximately 6.1, 1.9, and 1.7 times larger than the actual measured area. However, as the 

Table 3
Source areas measured in study site using an aerial photograph in 2014.

Categories Measured data
(%) (m2)

Landslide 2.5 8350
Non-landslide 97.5 32625
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Table 4
Source areas estimated for each scenario under the critical rainfall (151 mm day−1) necessary to trigger a landslide.

Category Scenario 1 Scenario 2 Scenario 3
(%) (m2) (%) (m2) (%) (m2)

Unstable land 15.0 50650 4.7 15775 4.3 14400
Stable land 85.0 287325 95.3 322200 95.7 323575

(a) (b)

(c)

Fig. 4. (Color online) (a) Shallow landslide source area maps generated from SHALSTAB simulation in scenario 
1, (b) scenario 2, and (c) scenario 3. The based map was captured by aerial photography in 2014.

cohesion increased, the area of unstable land decreased (scenario 1 > scenario 2), and the area of 
unstable land also decreased when the field survey results were applied by location rather than a 
blanket application (scenarios 1 and 2 > scenario 3). The results of the SHALSTAB model 
simulation for each scenario are shown in Fig. 4. Under the conditions >0 and ≤50 mm day−1 for 
scenario 1, as well as >0 and ≤100 mm day−1 for scenarios 2 and 3, it was predicted that the 
collapse is likely to expand at the gully and the curved channel, showing a potential sediment 
runoff downstream.
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 Figure 5(a) shows an aerial photograph taken before the 2013 heavy rainfall event. Because 
no orthoimages or aerial photographs had been established at the time of the disaster, the 
simulation results were superimposed with the background map obtained from the aerial 
photographs taken in 2014 [Fig. 5(b)]. On the basis of the location of the field survey results, the 
unstable land characterized by the critical rainfall of 151 mm day−1 in scenario 3 slightly 
resembled the collapse range from the aerial photograph, but it was shown to have a smaller 
surface area [Figs. 5(b) and 5(c)].

3.3 Assessment of the predictive accuracy based on ROC analysis 

 As explained in Sect. 3.2, a ROC curve was computed for different thresholds (e.g., critical 
rainfall) of the FS values in each scenario. The results of ROC analysis showed that TP and FP 
values were obtained at 221 points and 2179 points for scenario 1, 218 points and 1029 points for 
scenario 2, and 220 points and 1046 points for scenario 3, respectively. The area under the curve 
(AUC) values were found to be 0.804, 0.855, and 0.858 for scenarios 1 to 3, respectively (Fig. 6). 
The AUC is widely used to estimate the predictive accuracy of prediction models (discrimination 
measures). In particular, prediction accuracy greater than or equal to 0.8 is considered very 
good.
 The model accuracies of 89.9, 96.2, and 96.4% based on critical rainfall of 151 mm day-1 
indicated that scenario 3 was effective for predicting the source of landslides (Table 5). The 
model precisions (i.e., positive predictive values) of 12.3, 29.9, and 32.1% also indicated that 
scenario 3 was effective. A lower rate of over-prediction yields estimates with much greater 
accuracy and precision. Similar concepts include the ratio of TPR to FPR, which is the ratio of 
the number of actual occurrence points predicted to be occurrence points divided by the number 
of actual non-occurrence points predicted to be non-occurrence points.(37) The ratios of TPR to 

Fig. 5. (Color online) Comparison of (a) aerial photographs taken before and (b) after the 2013 heavy rainfall, and 
(c) SHALSTAB simulation results of scenario 3. 

(a) (b) (c)
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Fig. 6. (Color online) ROC curves derived from the estimated value in each scenario and the measured value. The 
dashed line shows the random classification of analysis results. The filled dots represent the calculated critical 
rainfall (i.e., 293.5, 356.5, and 373.5 mm day−1) along the curves where FS = 1.0.

Table 5
Results of ROC analysis based on critical rainfall of 151 mm day−1.
Category Scenario 1 Scenario 2 Scenario 3
True positive rate (Sensitivity) 0.500 0.404 0.401
False positive rate (1-Specificity) 0.090 0.024 0.022
TPR FPR−1 5.531 16.865 18.626
Accuracy 0.899 0.962 0.964
Positive predictive value (Precision) 0.123 0.299 0.321
Negative predictive value 0.986 0.985 0.985
PPV + NPV 1.109 1.284 1.305

FPR were 5.531, 16.865, and 18.626 for scenarios 1 to 3, respectively, with the highest ratio in 
scenario 3, for which the false positive rate was the lowest (0.022). Thus, the results of the 
predictive simulation were found to improve when the cohesion value according to the location 
was calculated and used, compared with the case of applying a single representative value of the 
cohesion value.

4. Discussion

 Unlike the results of a previous study,(11) those of this study showed that the soil cohesion due 
to root reinforcement was higher in coniferous forests than in broad-leaved forests (Fig. 3). 
Schmidt et al.(17) showed that lateral root cohesion was higher in natural coniferous forests 
(25.6–94.3 kPa) than in industrial deciduous forests (6.8–23.2 kPa). These findings suggest that 
soil and root cohesion vary depending on not only the soil texture and moisture(7,48) but also the 
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type of soil and vegetation and the environment.(7,43,49,50) Although it is difficult to discuss 
differences in soil and root cohesion because of regional variations in environmental conditions, 
the simulation results of this study demonstrated that the landslide susceptibility was affected by 
soil and root cohesion by the tree species in a given region (Fig. 3, Table 5).
 In steep mountainous areas, landslides often occur on concave slopes due to repeated soil 
erosion and sediment accumulation resulting from the inflow of rainwater.(51) Nevertheless, 
predicting the location of the source area of shallow landslides originating in mountainous 
regions remains an important task.(23,24,52) Various physical-based models, such as the 
SHALSTAB model, have been developed, and various analysis techniques have been used to 
verify the accuracy of the model. On the basis of the prediction of the critical rainfall using the 
SHALSTAB simulation results, the landslide susceptibility can be determined by calculating the 
optimal cut-off point using the Youden index.(53) Many researchers have also used ROC analysis 
to categorize risk classes for landslide hazard maps.(33,38,46,47) In this study, the cut-off point of 
the Youden index was determined to be higher than the actual generated daily rainfall, which 
appeared to be due to a limitation of this method in determining the positive discriminant 
standard and the optimal likelihood. In addition, the importance of preceding precipitation may 
need to be considered because, in the SHALSTAB model, it is evaluated from the daily rainfall 
rather than the cumulative rainfall.
 The AUC of the ROC curve in Fig. 6 and the accuracy based on the critical rainfall of 
151 mm day−1 showed high values in all scenarios, but there was no significant difference 
between scenarios 2 and 3. Information on spatial variability in soil properties related to slope 
stability is vital but limited because it is seldom verified in case studies.(28,54) Even in this study, 
it was difficult to secure large amounts of accurate data from the field sampling. Nevertheless, 
the simulation results of scenario 3 in this study can be considered to be relatively good. This is 
because the predicted rate of actual occurrence points based on the critical rainfall of 151 mm 
day−1 divided by the predicted rate of non-occurrence points, namely, the ratio of TPR to FPR, 
was higher in scenario 3 than in scenario 2 (Table 5). In the future, the method based on scenario 
3 in this study should be further tested, since it remains uncertain how to apply soil properties 
determined in laboratory tests to the optimum representative values for landscape-scale 
simulations.(28)

 Generally, slope stability models estimate cohesion by extrapolating from an average or 
uniform distribution of point values. Accurate assessment of soil cohesion is important because 
it is the simplest and most important factor for soil maintenance.(37) Investigation of differences 
in soil cohesion values according to tree growth and tree species can help to understand potential 
changes in landslides without a priori knowledge of the rooting strengths and distributions.(55) At 
this point, the simulation results of this model could be used to identify the effect of changes in 
vegetation on slope stability. Note that the result of a model reflecting land-use changes, such as 
the removal (i.e., logging) of individual species in simple forests, is likely to be sensitive to slope 
stability.(55)

 This study presents a method for reproducing the spatial distribution and securing the spatial 
representation of soil cohesion and its applicability to forested hillslopes through the use of a 
probabilistic modeling approach based on field data (i.e., kriging interpolation) to analyze 
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landslide susceptibility. In particular, sampling and interpolation methods that rasterize a 
number of input parameters are expected to provide more detailed information for physically 
based modeling.

5. Conclusions

 In this study, we applied the SHALSTAB model to predict the source area of shallow 
landslides using soil cohesion of 1 kPa and using soil and root cohesion, including tree root 
cohesion obtained from a field survey, and we compared the results with aerial images taken 
after a landslide.
 The results of a simulation based on the critical rainfall (i.e., 151 mm day−1) that triggered 
landslides showed that the area of unstable land decreased as the soil and root cohesion increased 
and also when the field survey results were applied according to the location rather than 
uniformly. According to the obtained ROC curve and AUC (0.858), the method based on 
scenario 3 was found to be suitable for predicting the source of shallow landslides with an 
accuracy of 96.4% and precision of 32.1%, which were much higher than those in scenarios 
1 and 2. 
 Although further tests are needed to fully verify the method proposed in this study, field-
surveyed cohesion data and their interpolation can be applied to improve the accuracy and 
precision of predictive simulations of shallow landslides.
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