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Abstract: Given the increasing occurrence of landslides worldwide, the improvement of predictive
models for landslide mapping is needed. Despite the influence of geotechnical parameters on
SHALSTAB model outputs, there is a lack of research on models’ performance when considering
different variables. In particular, the role of geotechnical units (i.e., areas with common soil and
lithology) is understudied. Indeed, the original SHALSTAB model considers that the whole basin
has homogeneous soil. This can lead to the under-or-overestimation of landslide hazards. Therefore,
in this study, we aimed to investigate the advantages of incorporating geotechnical units as a variable
in contrast to the original model. By using locally sampled geotechnical data, 13 slope-instability
scenarios were simulated for the Jaguar creek basin, Brazil. This allowed us to verify the sensitivity of
the model to different input variables and assumptions. To evaluate the model performance, we used
the Success Index, Error Index, ROC curve, and a new performance index: the Detective Performance
Index of Unstable Areas. The best model performance was obtained in the scenario with discretized
geotechnical units’ values and the largest sample size. Results indicate the importance of properly
characterizing the geotechnical units when using SHALSTAB. Hence, future applications should
consider this to improve models’ predictivity.

Keywords: geotechnical unit; detective performance index of unstable areas; model performance;
SHALSTAB; landslide hazard

1. Introduction

Landslide disasters have increased significantly in the last decades, leading to eco-
nomic disruption, damage to properties, and loss of lives. According to the EM-DAT
database, landslides claimed the lives of 26,750 people worldwide from 1991 to 2020.
In Brazil, 629 and 2502 fatalities were reported due to landslides and due to the combina-
tion of landslides and floods, respectively. Hence, Brazil is regarded as one of the countries
with the highest annual mortality levels due to landslides [1]. To reduce the existing risk,
public managers have long been adopting tools to subsidize decision-making by optimizing
regional planning [2]. To this end, delineating landslide-prone areas is considered essen-
tial, as these assessments provide decision-makers with relevant information regarding
landslide occurrences [3,4].

Overall, existing methods used for modeling landslide susceptibility can be classi-
fied into physically based models, statistical models, knowledge-driven (i.e., heuristic)
models [4,5], and, more recently, machine learning models [2,6]. Among these approaches,
physically based models such as the Shallow Landslide Stability Model (SHALSTAB) [7],
Stability Index Mapping (SINMAP) [8], and Transient Rainfall Infiltration and Grid-based
Regional (TRIGRS) [9,10] have been commonly adopted as effective tools for predicting

GeoHazards 2021, 2, 383–397. https://doi.org/10.3390/geohazards2040021 https://www.mdpi.com/journal/geohazards

https://www.mdpi.com/journal/geohazards
https://www.mdpi.com
https://orcid.org/0000-0003-4191-1647
https://doi.org/10.3390/geohazards2040021
https://doi.org/10.3390/geohazards2040021
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/geohazards2040021
https://www.mdpi.com/journal/geohazards
https://www.mdpi.com/article/10.3390/geohazards2040021?type=check_update&version=2


GeoHazards 2021, 2 384

areas susceptible to slope instability. These models currently deliver the highest predic-
tion accuracy among all existing methods [6]. They are based on the Safety Factor (FS),
which reduces the subjectivity of the model outcomes.

Among the aforementioned models, SHALSTAB stands out for its efficiency. It is worth
mentioning that the SHALSTAB was conceptualized as a simple model to map shallow
landslide potential [7]. Some studies demonstrate the better performance of SHALTAB,
even when compared with accurate models such as TRIGRS [11–13], which incorporates
varying hydrological parameters over time, and SINMAP, which follows a probabilistic
approach [12,14]. Therefore, the frequent use of SHALTAB is associated with its high
efficiency due to its deterministic aspect, easy access, availability of free software, and the
small amount of data it requires.

Given its advantages, the SHALSTAB model has been applied in several countries:
the USA [7,15]; Canada [16]; Argentina [15]; Portugal [17]; Italy [18–20]; Guatemala [21];
and Australia [22]. In Brazil, SHALSTAB has also been widely used [13,14,23–31]. In a
recent systematic review, Melo et al. [32] highlighted aspects that should be considered
to advance the SHALSTAB studies. Among the findings, the authors emphasized the
importance of determining input parameters with local sampling. Indeed, it was found that,
due to lack of resources, many studies in Brazil did not carry out field sampling to determine
soil mechanical properties. Studies often use data obtained in other study areas which are
pedologically similar [18,23,24,27,31,33,34]. Even when the studies sample data, these tend
to have few data points. For instance, even though Kim et al. [35] characterized the soil
by sampling it, they considered that the soil mechanical properties were homogeneous
over the study area. This limitation is linked to the lack of resources and/or research time
for collecting relevant information. This is the case in many developing countries such as
Brazil, where data scarcity prevails.

The data required for applying SHALSTAB are related to topographic and physical
characteristics of the soil for each terrain unit (i.e., pixel). These include variables such as
the soil friction angle, cohesion, specific mass, and layer depth. In terms of topographic
features, the counter length, the upstream contribution area, and the slope are variables
often included. SHALSTAB also allows for customization. In Brazil, Michel et al. [25,26],
inserted new variables (cohesion and root weight) and considered the spatially discretized
characterization of the values of the geotechnical units into the model. Here, the geotech-
nical unit is defined as the area which has common soil type and lithology. Within one
geotechnical unit, mechanical and hydraulic properties of soil are considered uniform.
Therefore, a geotechnical unit can be determined with soil type and geological maps [36].

Concerning the model uncertainty and sensitivity, several studies highlight the influ-
ence of spatial resolution of digital terrain models (DTM) on the estimation of instability
areas [37]. These studies demonstrated the importance of adopting more detailed spa-
tial scales. This is relevant because, with more detail on the slope relief, it is possible
to verify the degree of water concentration. The slope relief can also be used as an in-
dication of failure predisposition. Based on a sensitivity analysis of SHALSTAB model
outputs, Borga et al. [38] and Michel et al. [25,26] verified the most relevant parameters
and demonstrated the strong sensitivity of SHALSTAB to the cohesion value.

The original SHALSTAB algorithm considers a single set of geotechnical values for a
whole basin. However, for better performance, Michel et al. [25] modified the algorithm,
inserting a spatial discretization of the geotechnical values of each unit into this model.
Using the algorithm established by Michel et al. [25], Sbroglia et al. [28] considered spatially
discretized geotechnical unit values. Although the consideration of these aspects enabled
the generation of more realistic predictive maps, there are still many uncertainties of both
the actual benefits as a consequence of the geotechnical-unit characterization and the
inherent processes related to the spatialization as well as the amount of soil sample data
required for this purpose. Hence, Michel et al. [26] and Sbroglia et al. [28] proposed a new
technique for the discretization of geotechnical-unit characteristics. However, the effect of
such discretization was not well investigated in detail.
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Therefore, this study aimed at investigating the advantages of using the geotechnical-
unit characterization as a variable in the slope stability calculation using SHALSTAB.
To this end, several scenarios were proposed to represent distinct contexts of distribution
and quantification of soil sampling points. To analyze the model performance, we used
state-of-the-art techniques, such as the ROC (Receiver Operating Characteristic) curve [39],
and the Success Index and Error Index [20]. Besides this, we also proposed a new metric
which is termed Detective Performance Index of Unstable Areas (DPIUA).

2. Materials and Methods
2.1. An Overview of the SHALSTAB Model

SHALSTAB is a deterministic model directed to the identification of sites predisposed
to shallow landslides. This model results from combining the infinite slope stability model
and a hydrological model [7]. Thus, SHALSTAB determines the areas susceptible to
landslides based on the ratio between recharge rate and soil transmissivity sufficient to
cause a slope destabilization (Equation (1)). Here, soil transmissivity is defined as the
product of saturated hydraulic conductivity and depth to a restrictive layer [40]. Detailed
descriptions of the SHALSTAB model can be obtained in [7,41]

q
T

=
b
a
· sin θ·

{
ρs

ρw
·
(

1 − tan θ

tan φ

)
+

c
cos2 θ· tan φ·ρw·g·z

}
(1)

where q is the uniform recharge rate [mm]; T is the transmissivity of the soil [m2/day]; b is
the contour length [m]; a is the upstream contribution area [m2]; θ is the slope [o]; ρs is the
specific mass of the soil [kg/m3]; ρw is the specific mass of water [kg/m3]; φ is the angle of
internal friction of the soil [◦]; c is the soil cohesion [N/m2]; z is the depth of the soil [m];
and g is the gravitational acceleration [m/s2].

2.2. Study Area

To verify the applicability of the proposed approach, we considered the Jaguar creek
basin (25 km2), located in the Rio Grande do Sul state, Brazil, as a case study (Figure 1).
The altimetry in the basin varies from 78 m to 700 m. The mean slope is approximately 15◦,
and 8% of its area lies in slopes above 30◦, which can be considered a reference angle of
internal friction (φ) value. The predominant lithology types are acid volcanic rocks and
sandstones (Flores et al., 2007). By considering the combination between the lithology and
soil types, five geotechnical units can be observed (Table 1). Here, a geotechnical unit is
defined as an area designated by the intersection between a given lithological unit and a
given pedological unit. A detailed description of the lithology and soil types in the study
area is provided by Coelho et al. [42].
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Table 1. Overview of the five geotechnical units present in the Jaguar creek basin.

Geotechnical Unit Lithology Soil Type

1 Facies Caxias Cambisol
2 Facies Caxias Neosoil
3 Facies Gramado Chernozem
4 Facies Gramado Nitosol
5 Facies Gramado Neosoil

Due to the aforementioned characteristics, the Jaguar creek is prone to landslides,
and several occurrences have already been reported. Indeed, there are records of severe
sediment-related disasters in 1982 and 2000 [43]. These disasters were characterized mainly
by shallow landslides. In 2000, debris flow from two shallow landslides killed four people
in the Böni basin, located in the Jaguar creek basin [44].

2.3. Data

The SHALSTAB model requires six variables for its application. The variables θ and
a are the input data, obtained from the DTM with a spatial resolution of 2.5 m × 2.5 m
provided by the Brazilian Geological Survey (CPRM). The DTM was generated by BRADAR
by interferometry of Synthetic Aperture Radar data in the P band. The input parameters φ,
c, and z were obtained from Michel [43], which carried out soil samplings and Borehole
tests at 20 points distributed across the five geotechnical units (Figure 2). Note that the
sampling depth for the borehole tests in Michel [43] was near the possible slipping plane.
This was done because our interest was to have soil mechanical characteristics at the
possible slipping depth, and we did not intend to characterize the entire soil layer profile.
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Figure 2. Geotechnical map of the Jaguar creek basin and sampling points where the parameters φ, c, and z were estimated.
R2 is the coefficient of determination and ρs is the wet soil bulk density. The values presented here characterize the
mechanical properties of soil near this slipping plane.

To analyze the SHALSTAB model performance, we used available landslide inventory
data. Michel [43] analyzed satellite images from the period after the landslide events that
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occurred in 2000 in the study area and constructed an inventory of landslide scars by
considering preliminary data by Vanacôr and Rolim [45] and CPRM.

2.4. Application of the Modified SHALSTAB Model

The present work adopted the modified algorithm proposed by Michel et al. [25,26],
which performs a spatial discretization of the geotechnical values of each unit. This mod-
ified version permits different values of soil characteristics such as c, φ, and z. Besides
Michel et al. [25,26], Sbroglia et al. [28] also obtained a good performance when using this
modified version.

Based on the values of 20 soil-sampling points (Figure 2) and the values proposed
by the software default, 13 scenarios were elaborated and simulated for six different soil
depths: 0.5 m, 0.75 m, 1 m, 1.5 m, 2 m, and 3 m. The mean soil depth of the whole basin
is 0.75 m [43]. In addition to considering distinct soil depths, we also evaluated the effect
of adopting different criteria for determining the variables such as mean values of all
sampling points, sampling points only with the highest R2, among others (Figure 3).
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the entire basin.

Scenario 1 considered all the 20 sampling points to calculate the mean value of each
parameter (φ, c, and ρs) in each geotechnical unit. Conversely, Scenario 2 considered
only one sampling point per geotechnical unit. To this end, the highest R2 of the shear
envelope in each unit was adopted (Table 2). It should be noted that in geotechnical unit 4,
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the sampling points 11 and 18 obtained the same R2. In this case, the sampling point 18
was adopted given its central location. This consideration reduces possible uncertainties of
values related to areas located between the boundaries of the geotechnical units.

Table 2. SHALSTAB model input parameters in scenarios 1, 2, 3, and 11.

Geotechnical Unit

1 2 3 4 5

Scenario 1

Average φ (◦) 34 30 27 39 26
Average c (N/m2) 4725 7153 9855 6037 6908
Average ρs (kg/m3) 1690 1760 1730 1710 1711
Average Ks (m/s) 2.05 × 10−4 1.85 × 10−4 2.14 × 10−4 2.56 × 10−4 2.68 × 10−4

Scenario 2

Sampling point P6 P14 P3 P18 P20
R2 0.993 0.997 0.99 0.999 0.999
φ (◦) 35 33 25 38 33
c (N/m2) 5950 1400 11,000 8000 4500
Ks (m/s) 1.9 × 10−4 2.0 × 10−4 7.7 × 10−5 2.8 × 10−4 6.3 × 10−4

Scenario 3

Average φ (◦) 30 30 30 30 30
Average c (N/m2) 6903 6903 6903 6903 6903
Average ρs (kg/m3) 1721 1721 1721 1721 1721
Average Ks (m/s) 2.38 × 10−4 2.38 × 10−4 2.38 × 10−4 2.38 × 10−4 2.38 × 10−4

Scenario 11
Average φ (◦) 45 45 45 45 45
Average c (N/m2) 2000 2000 2000 2000 2000
Average ρs (kg/m3) 1600 1600 1600 1600 1600

Scenario 3 used the mean values for the entire basin based on the average of the
20 sampling points (Table 2). Similarly, the geotechnical values for the whole basin were
adopted in Scenario 4, but with the values obtained at each sampling point individually
(Table 3). In Scenario 4, each set of parameter values of each sampling point was simulated
at six different depths, resulting in 120 sub-scenarios. Since both Scenarios 3 and 4 con-
sidered constant values for the whole basin, their simulations were performed with the
original SHALSTAB values.

Table 3. SHALSTAB model input parameters in Scenario 4.

Sampling Point Φ (◦) c (N/m2) ρs (kg/m3) Ks (m/s)

P1 40 7800 1820 8.9 × 10−5

P2 32 16,000 1800 1.2 × 10−4

P3 25 11,000 1830 7.7 × 10−5

P4 32 7220 1650 3.9 × 10−4

P5 25 5000 1680 2.6 × 10−4

P6 35 5950 1730 1.9 × 10−4

P7 30 5130 1820 1.1 × 10−4

P8 10 6360 1760 1.7 × 10−4

P9 32 12,800 1810 8.1 × 10−5

P10 30 7210 1680 2.5 × 10−4

P11 39 2310 1630 4.0 × 10−4

P12 28 4390 1780 1.8 × 10−4

P13 26 6080 1670 3.1 × 10−4

P14 33 1400 1750 2.0 × 10−4

P15 33 3500 1650 3.2 × 10−4

P16 21 2630 1770 1.2 × 10−4
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Table 3. Cont.

Sampling Point Φ (◦) c (N/m2) ρs (kg/m3) Ks (m/s)

P17 24 12,060 1700 3.3 × 10−4

P18 38 8000 1680 2.8 × 10−4

P19 29 8710 1630 3.5 × 10−4

P20 33 4500 1570 6.3 × 10−4

Still considering that the whole basin has a homogeneous soil, Scenarios 5 to 9 con-
sidered the mean set of the sampling points in each geotechnical unit. In Scenarios 5 to 9,
the whole basin was characterized by the geotechnical units 1 to 5, respectively (Table 4).
The number of the sampling points for each geotechnical unit was defined by prioritiz-
ing units with more landslide scars [43]. Hence, in Scenario 10 we considered the mean
values of the sampling points contemplated by the geotechnical units 2 and 5 because the
geotechnical units 2 and 5 possessed a larger number of sampling points. In Scenario 11,
we adopted the values proposed by the SHALSTAB default (Table 2).

Table 4. SHALSTAB model input parameters in Scenarios 5 to 10.

Scenario 5 6 7 8 9 10

Geotechnical Unit 1 2 3 4 5 2 and 5

No. of Sample Points 2 4 2 3 9 13

Φ (◦) 34 30 27 39 26 28

c (N/m2) 4725 7153 9855 6037 6908 6983

ρs (kg/m3) 1690 1760 1730 1710 1711 1726

Scenarios 12 and 13 are based on the dispersion between the mean φ value of each
geotechnical unit and the sampling points inserted within it. The criterion adopted in
Scenario 12 admitted dispersion of the highest values to the lowest, i.e., the values with
the highest dispersion compared to the average were gradually removed until only one
point remained per geotechnical unit. This allowed the gradual withdrawal of values that
presented greater dispersions until only one sampling point remained per geotechnical unit.
Conversely, in Scenario 13, the criterion was inverted, with the progressive withdrawal
of the values with smaller dispersions compared to the average (Table 5). In the case of
identical dispersions between two points, if it was evident when there were only two
sample points (geotechnical units 1 and 3) the criterion was the removal of the point with
the worst R2 of the shear envelope. As Scenario 12 has 15 different values of φ with
six different depths, the total number of sub-scenarios is 90. Likewise, the number of
sub-scenarios for Scenario 13 is also 90.

Table 5. SHALSTAB model input parameters in Scenarios 12 and 13.

Geotechnical
Unit Point φ (◦) ¯

∅ (◦) Dispersal Withdrawal
Order Scenario 12

Withdrawal
Order Scenario 13

1
P6 35

34 1.1
15◦

P15 33 3◦

2

P2 32

30

1.5 12◦ 6◦

P7 30 0.37 2◦

P13 26 4 6◦

P14 33 3 8◦ 10◦

3
P3 25

27 2.34
10◦

P19 29 8◦
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Table 5. Cont.

Geotechnical
Unit Point φ (◦) ¯

∅ (◦) Dispersal Withdrawal
Order Scenario 12

Withdrawal
Order Scenario 13

4

P1 40

39

1.14 14◦ 4◦

P11 39 0.16 1◦

P18 38 1 13◦

5

P4 32

26

6 3◦ 14◦

P5 25 1.14 5◦

P8 10 16 1◦

P9 32 5 4◦ 13◦

P10 30 4 7◦ 11◦

P12 28 2 11◦ 7◦

P16 21 5 5◦ 12◦

P17 24 2 9◦ 9◦

P20 33 7 2◦ 15◦

2.5. Model Performance Assessment

The model performance was quantitatively evaluated by comparing simulation results
with an existing inventory of landslide scars. The instability thresholds were altered
according to the density of unstable cells within the inventory. In this study, we used the
instability thresholds as in the original software [7]. SHALSTAB estimates the saturated
proportion of soil thickness and originally classifies seven classes of instability, as shown in
Table 6. From the value of q/T, the degree of instability for each cell in the study area is
calculated. The model results are given on a logarithmic scale because of the very small
values obtained for q/T.

Table 6. Instability thresholds adopted in this study [7].

ID Classes

1 Unconditionally instable
2 log q/T < −3.1
3 −3.1 < log q/T < −2.8
4 −2.8 < log q/T < −2.5
5 −2.5 < log q/T < −2.2
6 −2.2 < log q/T
7 Unconditionally stable

To evaluate our results, the performance evaluation methods proposed by Sorbino et al. [20]
were used: the Success Index (SI) and the Error Index (EI). The SI (Equation (2)) is the
percentage of the area considered as unstable (Ain) by the model that coincides within the
area of the real occurrence of landslides (Aunstab). The EI (Equation (3)) is the percentage
between the areas (Aout) considered as unstable by the model and not compatible with
the inventory of scars and areas (Astab) of the basin that were not affected by landslides.
It should be noted that the SI and EI indexes were calculated only for areas with slopes
greater than 26.7◦. This value represents the minimum slope angle with landslide scars in
the Jaguar creek basin [43]. The obtained SI and EI were plotted on the ordinates axis and
the abscissa axis, respectively. This graphical configuration enabled the evaluation of the
performances given by representing the percentage proportionality of such indices.

SI =
Ain

Aunstab
·100 (2)

EI =
Aout

Astab
·100 (3)
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In addition to the SI and EI indexes, the ROC curve [39] was also used to evaluate the
model performance. This measure has been widely used [4,11,46,47]. Furthermore, we also
used the methodology proposed by Dietrich et al. [48], in which a satisfactory performance
is one that can detect the landslides in a smaller area classified as unstable in the basin.
The lowest value of log q/T, detected within the sliding scar polygon, represents the least
stable site, which categorizes the stability of the site that covers the scar.

Finally, we proposed a new metric for evaluating the model performance, termed
Detective Performance Index of Unstable Areas (DPIUA) (Equation (4)). The DPIUA
evaluates the performance through curves representing the number of grid cells in each
log q/T category and the cumulative frequency resulting from the total area falling in each
category. From these curves of cumulative areas in the basin and the scars of landslides,
it is possible to verify the model performance in each category. The farther these curves are
situated between themselves, the better is the performance.

DPIUA =
∑n

i=1(Ei − Ai)

n
(4)

where E is the percentage of the cumulative area of the landslides; A is the percentage of
the cumulative area of the total area in the basin; and n is the number of classes. This index
should be utilized together with SI, EI, and ROC.

3. Results

By considering 13 scenarios, 360 different simulations were executed, encompassing
seven stability classes proposed by Montgomery and Dietrich [7]. To better visualize the
outcomes, these classes are expressed in logarithmic scale. Two classes (unconditionally
unstable and unconditionally stable) resulted from the topographical and pedological
characteristics, being independent of the parameter q/T. The other classes are linked to
the hydrological parameters relating to the parameter q/T. The lower values of log q/T
(red areas in Figures 4–6) represent areas that need less magnitude in the hydrological
conditions for the area to become unstable. Therefore, they present higher instability.

GeoHazards 2021, 2, x FOR PEER REVIEW  10 of 16 
 

 

 
Figure 4. Stability map of the Jaguar creek basin in Scenario 1. 

 
Figure 5. Stability map of the Jaguar stream basin (Scenario 4, sampling point 08). 

Figure 4. Stability map of the Jaguar creek basin in Scenario 1.



GeoHazards 2021, 2 392

GeoHazards 2021, 2, x FOR PEER REVIEW  10 of 16 
 

 

 
Figure 4. Stability map of the Jaguar creek basin in Scenario 1. 

 
Figure 5. Stability map of the Jaguar stream basin (Scenario 4, sampling point 08). Figure 5. Stability map of the Jaguar stream basin (Scenario 4, sampling point 08).

GeoHazards 2021, 2, x FOR PEER REVIEW  11 of 16 
 

 

 
Figure 6. Stability map of the Jaguar creek basin with Scenario 13 (13 sample points and z = 3 m). 

 
Figure 7. ROC with the (A) threshold log q/T = −2.5. Scenario 1 presented the best performance; (B) threshold log q/T = 
−2.8. Scenario 4 presented the best performance; and (C) threshold log q/T = −3.1. Scenario 13 presented the best perfor-
mance. The best scenarios are shown in the upper left corner of each graph. 

By relating the stability classes and the cumulative percentage of the area and land-
slides in each class, 89% of the landslides fall into only 9% of the unstable areas in Scenario 
1 when considering the threshold log q/T = −2.5. For this scenario, an area calculated be-
tween the curves of DPIUA = 55 was obtained (Figure 8A). The elaborated graphical 
presentation (Figure 8) presents two curves with values for each log q/T category: the first 
one is the “percentage of cumulative area”, and the second one is the “percentage of cu-
mulative area of landslides”. The further these curves are, the higher the DPIUA is, and 
the better the performance of the SHALSTAB model. 

When the instability threshold log q/T = −2.8 is adopted, the best performance was 
obtained with Scenario 4, where the values of the parameters of sample point 8, located in 
the geotechnical unit 5 and z = 1 m, were used (Figure 5). This result is observed in Figure 

Figure 6. Stability map of the Jaguar creek basin with Scenario 13 (13 sample points and z = 3 m).

The simulation results show that, in all scenarios, the instability classes increased as
the soil layer depth increased. A reduction in unstable areas was also observed in places
of lower soil depths, although they are located on steep slopes where the rate of surface
erosion and the propensity for landslides are very high. When the instability threshold
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log q/T = −2.5 was adhered to, the best performance was obtained with Scenario 1 by
considering z = 2 m, with an IA = 87% and IE = 10% (Figures 4 and 7A).
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By relating the stability classes and the cumulative percentage of the area and land-
slides in each class, 89% of the landslides fall into only 9% of the unstable areas in Scenario
1 when considering the threshold log q/T = −2.5. For this scenario, an area calculated
between the curves of DPIUA = 55 was obtained (Figure 8A). The elaborated graphical
presentation (Figure 8) presents two curves with values for each log q/T category: the
first one is the “percentage of cumulative area”, and the second one is the “percentage
of cumulative area of landslides”. The further these curves are, the higher the DPIUA is,
and the better the performance of the SHALSTAB model.
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When the instability threshold log q/T = −2.8 is adopted, the best performance was
obtained with Scenario 4, where the values of the parameters of sample point 8, located
in the geotechnical unit 5 and z = 1 m, were used (Figure 5). This result is observed in
Figure 7B, where the values of SI and IE are 75% and 14%, respectively. Figure 8B shows
the stability classes of the model and the cumulative percentage of the area and landslides
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in each class in Scenario 4 and the resulting area between such curves (DPIUA = 71).
Thus, 93% of the landslides were classified in 3% of the unstable areas.

For the instability threshold log q/T = −3.1, the best performance was obtained
with Scenario 13, which covered 13 sampling points and considered z = 3 m (Figure 6).
The evaluation results corresponding to such a condition is shown in Figures 7C and 8C,
with SI and EI values of 90% and 26%, respectively and a DPIUA of 66. In this case, 93% of
the landslides were encountered in 7% of the unstable area in the basin.

When considering instability thresholds of log q/T = −2.5 and log q/T = −3.1, the best
results were obtained from the Scenarios that used the values of the discretized soil
parameters per geotechnical unit. The DPIUA area in Figure 8 was larger in Scenario
13, which presented better performance when a threshold log q/T = −3.1 was adopted
(DPIUA = 66). However, this result was obtained from the large value (82%) with the
unconditionally unstable class, independent of the hydrologic parameters. Since rainfall is
responsible for the landslides, this result can be considered incoherent.

Scenario 1, with z = 1 m, presented the best performance with the threshold q/T = −2.5,
most parts of the scars from landslides (75%) were captured by this category, while 14% of
landslides were captured by the unconditionally unstable category (q/T = −3.5). Observing
the performances of Scenarios 13 and 1, the latter presents better coherence in the results
due to a large part of the scars captured by the category associated with hydrological
parameters. It is conjectured that the reduction in the c value of geotechnical unit 2, slightly
more than 50%, caused an overestimation of unstable areas in the basin. Allied to this,
the high soil thickness contributed to this result.

On the other hand, when the instability threshold log q/T = −2.8 is considered, the best
performance was presented by Scenario 4, which adopted constant soil parameters for the
whole basin. Thus, from the values of point 8 located in the geotechnical unit 5 and z = 1,
61% of the landslides were predominantly framed in the unconditionally unstable class.
Meanwhile, 18% of the landslides were classified into the log q/T < −3.1 class. Similar to
the aforementioned analysis associated with the log q/T = −3.1 threshold, we can assume
that these results were influenced by values that are not consistent with the local reality.
The low φ value (10◦) for the whole basin probably contributed to the overestimation of
unstable classes, setting the predominant classification of landslides in the unconditionally
unstable class.

4. Discussion

Despite being widely used, the SHALSTAB model is often applied without consider-
ing the importance of in situ determination of geotechnical parameters and the necessity of
spatial discretization of soil characteristics. Indeed, several applications tend to adopt val-
ues from other studies which investigated similar soils [18,23,27,33,34]. Michel et al. [25,26]
and Sbroglia et al. [28], which used the modified algorithm of Michel et al. [25], proposed
a useful procedure for discretizing soil characteristics. However, none of the previous
studies quantified the effect of such discretization. To address this gap, here we analyzed it
by considering different performance metrics: (1) SI and EI [20], (2) the ROC curve [39],
and (3) a new index, the DPIUA (Figure 8).

Even though there are several uncertainties related to the effects of geotechnical-
unit characterization, the evaluation of different instability thresholds, together with the
different scenarios, showed that considering 20 sampling points to characterize the geotech-
nical units presented a better performance when compared to the original SHALSTAB
model (Scenario 11). When considering the thresholds log q/T = −2.8 and log q/T = −3.1,
the best performances had polarized results due to abrupt variation in soil resistance
parameters. The importance of discretization of soil characteristics by using the geotech-
nical units confirms the necessity to carry out the field sampling at every unit. Hence,
for improved performance, future studies should divide the study area (e.g., basins) into
different geotechnical units through the use of existing data generated by other researchers
or with similar soils, and, when possible, characterize them with in situ soil sampling.
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The simulation results confirm the important role of soil depth in hillslope stability
analysis. As demonstrated by Borga et al. [38] and Michel et al. [26], the increase in the
soil depth reduces the safety factor of the hillslope. The results obtained here confirm this
tendency. By analyzing the values of DPIUA, it can be said that soil depth of 2 m supported
better performance in general. These results might imply that the mean depth in the basin
could be 2 m. A condition with a steep hillslope and shallow soil layer can sustain the
soil even in its saturated situation. Therefore, the soil layer thickness can be thought to
influence hillslope failures significantly.

Although the present study showed the effect of geotechnical unit consideration on
mapping performance with SHALSTAB, it did not investigate how uncertainties in param-
eter determination affect the reliability of the results. This theme should be investigated
in more detail in future studies. How uncertainty affects results’ reliability is among the
most central challenges in geosciences in general, including hydrology, geomorphology,
and hydrogeomorphology [47,48]. The uncertainty depends on (i) the nature of each pa-
rameter (model input data), (ii) the methodological procedures used to collect data in the field
and to analyze in the laboratory, (iii) the technical level of the involved researchers, and (iv)
the adopted models, among other variables. Therefore, when feasible, uncertainty evaluations
should be carried out together with sensitive analysis such as that in Michel et al. [26].
The results presented here advance this direction, showing how results vary when different
assumptions are considered in each scenario.

5. Conclusions

The SHALSTAB model has been frequently applied to assess shallow-landslide sus-
ceptibility. In developing countries, where geotechnical-unit characterization is difficult
due to lack of financial support, many studies measure the soil mechanical properties at
few points or do not measure at all and use the data available in the SHALSTAB tuto-
rial [32]. Therefore, the present study demonstrated the importance of considering the
geotechnical-unit characterization on landslide mapping performance by considering the
case of the Jaguar creek basin, southern Brazil.

In general, results showed that the use of geotechnical units characterized by sev-
eral sampling points provides better results compared to the original SHALSTAB model.
To evaluate the model performance, we proposed a new index called DPIUA, which allows
evaluating the model robustness according to different instability thresholds (Table 6 and
Figure 8). Through using several performance evaluation methods, the benefits generated
by the characterization of the geotechnical units were verified. These advantages were
evident as a result of the better performance of the scenarios in which the soil parameters
were discretized into various geotechnical units.

Thus, future assessments should consider greater cartographic precision to obtain
the variability of the geotechnical units in the application of the SHALSTAB model and
also a sufficient amount of in situ soil sampling points to characterize these units. In this
regard, it should be noted that the choice of the minimum number of sampling points
requires careful consideration. This is one of the most critical issues for field workers who
want to be time-efficient while at the same time achieving precise results. This number
may depend on (i) soil types within an adopted soil classification, (ii) soil parameters
for analysis, and (iii) other physical conditions such as soil covers (vegetation) and soil
depth. In any case, adopting geotechnical units in future assessments will surely enable
the generation of more reliable landslide-susceptibility maps.
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