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Abstract Rainfall-induced landslides cause a huge number of
victims each year in mountainous and tropical environments. In
the last century, more than a half million families in the trop-
ical Andean region were affected by shallow landslides, most
of the time caused by heavy rainfall. An investigation about the
rainfall-induced shallow landslides in San Antonio de Prado, an
emerging neighborhood at the outskirts of Medellı́n, Antioquia,
Colombia has been conducted to evaluate the effect on land-
slide susceptibility of changes in: (i) the geotechnical parame-
ters, (ii) the water table position, and (iii) the different rainfall re-
currence interval on stability. Transient Rainfall Infiltration and
Grid-Based Regional Slope-Stability Model (TRIGRS) is used
to assess the landslide susceptibility. The proposed methodol-
ogy consisted of three stages: (i) model calibration, (ii) model
validation, and (iii) sensitivity analysis to evaluate the effect of
previous parameters and rainfall duration on stability. Stability
was assessed by the fraction of failed cells of the total study area.
It was found that the effect of the rain duration is significant for
most cases and is more pronounced when the geotechnical pa-
rameters are reduced by one standard deviation and when the
groundwater table is one meter below the sliding surface. For
these cases, the fraction of failed cells increases from 3% to al-
most 19% after 24 hours of rainfall. In addition, the fraction of
failed cells does not increase linearly with respect to the rain-
fall duration. The results of the validation stage suggest that the
model TRIGRS can be used to assess the landslide susceptibility
in Colombia, and to provide information for risk mitigation, and
warning systems. However, based on the sensitivity analysis, it is
necessary to conduct further research to define the geotechnical
parameters for the different geological units and the water table
position to deliver accurate and reliable results.

Keywords Shallow Landslides · TRIGRS · Slope stability ·
sensitivity analysis
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1 Introduction

In the Colombian Andes, of 822 recorded landslides, 93.7% cause
fatal consequences (Gómez et al., 2021). The Andean Mountain
Range covers nearly 28% of the Colombian territory, and it is
also the most densely populated region.

The city of Medellı́n is located at the Central Andean Range.
Medellı́n is classified as one of the most affected regions by land-
slides in Colombia. In recent times, growing population and ex-
pansion of human settlements over hazardous areas have greatly
increased the impact of natural disasters in the city (Aristizábal
and Yokota, 2006; Aristizábal and Gómez, 2007; Klimeš and
Rios Escobar, 2010; Gómez and Villarraga, 2013).

Rainfall is the most common triggering factor of landslides
in Medellı́n, with a bimodal pattern with peaks during the rainy
seasons in March - April - May and in September - October -
November (Martı́nez et al., 2021). According to the Colombian
Institute of Hydrology, Meteorology and Environmental Studies
(IDEAM et al., 2015), heavy rainfalls and other extreme weather
events are increasing in Colombia due to climate change, with an
expected average growth of 9.3% by the end of the century, as
a consequence, the probability of occurrence of landslides in the
next 100 years will increase. Therefore, assessment of landslide
susceptibility is an important issue.

A rational regional mapping for the susceptibility of rainfall-
triggered landslides is especially necessary to provide informa-
tion for hazard reduction, to aid mitigation facilities, to develop
early warning systems, and to improve the management of land
use (Liu and Wu, 2008).

Several applications in landslide susceptibility and hazard
assessment have been published in the scientific literature to de-
fine rainfall thresholds for landslides (Alvioli et al., 2014; Vasu
et al., 2016; Marin et al., 2020; Marin and Velásquez, 2020).
It has been noticed that the accuracy in a landslide susceptibil-
ity and hazard assessment depends mainly on the quality and
quantity of the input parameters for the physically based mod-
els, especially the geotechnical parameters - i.e. cohesion, fric-
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tion angle, and soil unit weight - (Marin et al., 2021; Seefelder et
al., 2017). The main objective of this study is to provide a com-
prehensive methodology for calibrating the input parameters for
TRIGRS model (Baum et al., 2008). This methodology is later
applied in a study case in San Antonio de Prado, a neighborhood
at the outskirts of Medellı́n, Antioquia. Finally, a sensitivity anal-
ysis is performed to test the effects on the landslide susceptibility
of three factors: (i) rainfall recurrence interval, (ii) geotechnical
parameters, and (iii) location of the groundwater table.

2 Material and methods

2.1 TRIGRS framework model

The Transient Rainfall Infiltration and Grid-Based Regional Slope-
Stability Model (TRIGRS) is a physically based model that is
widely used for determining shallow precipitation-induced land-
slides susceptibility (Ciurleo et al., 2019; Marin et al., 2021; Xue
et al., 2018). The analysis couples a hydrological model with
an infinite slope stability computation to analyze the pore wa-
ter pressure regime and then evaluate a distribution of factors of
safety (FS) over large areas (Ciurleo et al., 2017).

2.1.1 Infiltration model

The analytical solution for unsaturated flow treats the soil as a
two-layer system consisting of a saturated zone with a capillary
fringe above the water table covered by an unsaturated zone that
extends to the ground surface as shown in Fig.1. The unsaturated
zone absorbs part of the water that infiltrates the ground surface,
and the remaining water passes through this zone and accumu-
lates above the initial water table. The unsaturated zone acts like
a filter that smooths and delays the surface infiltration to other
depths (Baum et al., 2008). Note that in Fig.1 the water table is
above the basal boundary, i.e. d < zmax, hence the sliding mass
has both a saturated and an unsaturated zone.

The Richard’s equation is used to calculate the soil transient
infiltration for saturated and unsaturated soil conditions. ψ is the
groundwater pressure head depending on depth Z and time t. ψ

is calculated as follows:

∂θ

∂ t
=

∂

∂Z

[
K(ψ)

(
1

cos2 δ

∂ψ

∂Z
−1

)]
(1)

where θ is the volumetric water content and K(ψ) is the soil’s
hydraulic conductivity function, expressed in terms of the sat-
urated hydraulic conductivity (Ksat) and the soil water reten-
tion curve (SWRC) parameters described by the Gardner (1958)
model.

K(ψ) = Ksat exp(αψ
∗) (2)

θ = θr +(θsat −θr)exp(αψ
∗) (3)

where ψ∗ = ψ −ψ0, ψ0 is a constant defined below, θr is the
residual water content, θsat is the water content at saturation, and
α is a fitting parameter.

Fig. 1: Shallow groundwater table conditions in hillside soils
(Baum et al., 2008)

2.1.2 Slope Stability model

Following Iverson, 2000, the slope stability model uses the infinite-
slope stability method. In this method, failure of an infinite slope
is characterized by the ratio of resisting basal strength to gravita-
tional downslope basal driving shear stress (Baum et al., 2008).
FS is calculated as follows:

FS(Z, t) =
tanφ ′

tanδ
+

c′−ψ(Z, t)γw tanφ ′

γKZ sinδ cosδ
(4)

in which c′ is the effective cohesion, φ ’ is the effective friction
angle, δ is the slope angle, γw is the groundwater unit weight,
and γK is the Bulk’s unit weight. FS= 1 means that the slope is
in static equilibrium. Values of FS< 1 indicate potential failure
(in reality, such slopes do not exist), values of FS> 1 indicate
stable slopes.

3 Methodology

TRIGRS model is used to assess the landslide susceptibility in
the study area. The proposed methodology starts with the cal-
ibration of the model and ends with a sensitivity analysis to
evaluate the effect on landslide susceptibility due to changes
in the geotechnical parameters, the water table position and the
different rainfall recurrence interval on stability. The proposed
methodology is depicted in Fig. 2 and consists of three stages:
(i) model calibration, (ii) model validation, and (iii) the sensitiv-
ity analysis.

The main goals of the model calibration are (i) to identify
the optimum landslide depth, and (ii) to define the mean value
of geotechnical parameters in dry conditions. The main goal of
the second stage is to validate that the base model found in the
previous stage accurately predicts landslides during a 3 hours
rainfall that were identified on the landslide inventory. In the
third stage, different susceptibility maps of shallow landslides
are obtained for various cases varying the three factors, previ-
ously mentioned.
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Fig. 2: Methodology for the calibration and validation of land-
slide susceptibility maps computed with TRIGRS

3.1 Stage 1: model calibration

The analysis starts by maintaining a given set of geotechnical
parameters (c′, ϕ , γs) and constant groundwater table for differ-
ent soil depth, and check whether these conditions resulted in
landslides, i.e. if at least 10% of the grid-cells in the study site
presented FS < 1.0 before rainfall (Alvioli et al., 2014). In the
second step, the procedure was repeated by maintaining the op-
timum landslide depth for different geotechnical parameters. At
the end of the procedure, a set of mean geotechnical parameters
and soil thickness were obtained.

3.2 Stage 2: model validation

To evaluate model calibration performance, the results obtained
were compared against the inventory of observed landslides us-
ing reliability tests, based on the methods proposed by (Van-
dromme et al., 2020), that consists of calculating relative error
(ξ ), area under curve (ROC), correct classification rate (CCR),
kappa index (κ) and false positive rate (FPr).

The reliability tests used to assess the different computed
landslide susceptibility maps are explained in Table 1. In these
tests, OL is the observed landslide cells, i.e. the number of cells

representing the landslide triggering area); PL is the predicted
landslide cells, which is the number of cells predicted in the high
and very high susceptibility class FS > 1); N is the number of
cells in the study area; a is the True positives (i.e. number of cells
with FS < 1 and contained in observed landslide cells); b is the
False positives (i.e. number of cells with FS < 1 and not con-
tained in observed landslide cells) ; c is the False negatives (i.e.
number of cells with FS > 1 and contained in observed land-
slide cells); and d is the True negatives (i.e. number of cells with
FS > 1 and not contained in observed landslides cells).

Table 1: Reliability tests used to assess the different computed
landslide susceptibility maps (Vandromme et al., 2020)

Test Description Equation

Relative error
(ξ )

The uncertainty of
measurement com-
pared to the size of
the measurement

(OL−PL)/OL

ROC(AUC)

Receiver Operating
Characteristic Curve
(Fawcett, 2006) be-
tween the landslide
occurrence proba-
bility and landslide
triggering areas

−

CCR
Proportion of cor-
rectly classified
observations

(a + d)/N

Kappa (κ)
Proportion of spe-
cific agreement

[(a + d) – (((a +
c)(a + b) + (b +
d)(c + d))/N)]/[N
– (((a + c)(a +
b)+(b + d)(c +
d))/N]

FPr
Proportion of incor-
rectly classified ob-
servations

(b + c)/N

3.3 Stage 3: sensitivity analysis

The optimum soil depth and geotechnical parameters defined
in stage 1 were integrated into the whole study area to calcu-
late landslides susceptibility maps. Different scenarios of analy-
sis were taken into consideration, varying recurrence intervals,
geotechnical parameters, and groundwater table. Three varia-
tions were considered for each one of these input data, resulting
in 27 cases (Table 6).



4 Leidy Osorio-Rios et al.

Table 2: Cases

Tr=5 years Tr=20 years Tr=100 years
A1 P1 GWT1 A10 P1 GWT1 A19 P1 GWT1
A2 P1 GWT2 A11 P1 GWT2 A20 P1 GWT2
A3 P1 GWT3 A12 P1 GWT3 A21 P1 GWT3
A4 P2 GWT1 A13 P2 GWT1 A22 P2 GWT1
A5 P2 GWT2 A14 P2 GWT2 A23 P2 GWT2
A6 P2 GWT3 A15 P2 GWT3 A24 P2 GWT3
A7 P3 GWT1 A16 P3 GWT1 A25 P3 GWT1
A8 P3 GWT2 A17 P3 GWT2 A26 P3 GWT2
A9 P3 GWT3 A18 P3 GWT3 A27 P3 GWT3

For each one of these cases, the FS value was evaluated at
0, 3, 6, 12 and 24 hours of rainfall to investigate the effects of
rainfall duration on landslides susceptibility.

The recurrence interval scenario was implemented for 5, 20,
and 100 years, with 3 hours duration intensity from the inten-
sity - duration – frequency (IDF) curves as the reference rainfall
scenario, which corresponds to a typical landslide - triggering
rainfall in Medellı́n (Table 3).

Table 3: rainfall recurrence interval scenarios

Scenario Years
Tr1 5
Tr2 20
Tr3 100

The geotechnical parameters scenario was implemented con-
sidering ± 0.5 standard deviation (σ ) change from mean (µ)
value of c′, φ ′ parameters (Table 4).

Table 4: Geotechnical parameters scenarios

Scenario Variation
P1 µ−0.5σ

P2 µ

P3 µ +0.5σ

Mean values were defined as the optimum geotechnical val-
ues from step 1, and the standard deviation was calculated using
the coefficient of variation (CoV) defined as:

CoV (%) =
σ

µ
×100 (5)

Values of coefficient of variation were derived from the liter-
ature (Ameratunga et al., 2016). CoV values used are defined as
10% for friction angle φ ′ and 20% for cohesion c′.

Three cases were considered for the variation of the ground-
water table location. First, by positioning the groundwater table
at the contact between the sliding soil and the rest of the soil
mass (i.e. at the depth of the rupture surface), then 1 m above,
and finally 1 m below this surface, in the whole study area (Table
5).

Table 5: Groundwater table scenarios

Scenario Level
GWT1 dlz + 1.0 m
GWT2 dlz
GWT3 dlz - 1.0 m

4 Results and discussion

4.1 Study area

4.1.1 Regional setting

Medellı́n is located at the northern side of the Central Range in
the Colombian Andes, approximately between latitude 6°00’N
to 6°30’N and longitude 75°15’W to 75°45’W as shown in Fig.3.
Weather conditions in the city are those of tropical zones, with
annual average temperature of 22°C, mean relative humidity of
70%, and an annual rainfall variation from 1400 mm to 2700 mm
(Aristizábal et al., 2005).

Antioquia

-77

-77

-76

-76

-75

-75

-74

-74

6 6

7 7

8 8

Colombia

Brasil

Perú

Venezuela

Ecuador

Panamá

-80

-80

-75

-75

-70

-70

0 0

5 5

10 10¯

¯

0 50 100 15025
km

0 250 500 750125
km

Medellín

Bello

Caldas

Copacabana

Girardota

Envigado

Itagüí

La Estrella Sabaneta

Barbosa

-75.7

-75.7

-75.6

-75.6

-75.5

-75.5

6.1 6.1

6 .2 6.2

6 .3 6.3

6 .4 6.4

¯

0 5 102.5
km

Study area

Fig. 3: Location of the city of Medellı́n and study site

Medellı́n has a varied and complex geology that has been
subjected to tectonic and weathering events, with outcrops of
lithological units that include rocks of different age, origin, and
composition (Hidalgo Montoya and Vega Gutiérrez, 2014). Re-
garding age, there is a range from Paleozoic rocks to Quater-
nary deposits, and in terms of origin and composition as shown
in Fig. 4, there are metamorphic rock such as gneiss, schist,
migmatite and amphibolite; igneous rocks such as granodiorite,
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dunnite, gabbro, and basalt; and volcanic-sedimentary sequence
with granitic intrusions. The city is crossed by the Medellı́n river
that spans from south to north as shown in Fig. 4. The valley
slopes are mostly covered by hillslope colluvial and debris or
mud flow deposits, alluvial and torrential deposits and anthropic
deposits (Aristizábal et al., 2005; Integral et al., 2006).
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Fig. 4: Geology of Medellı́n
anthropic deposits (Qll), alluvial and torrential deposits (Qal, Qat), collu-
vial and debris or mud flow deposits (Qd, QFa, QFIV, QFIII, NFI, NF-
preI), igneous rocks (KcdA, KcdE, KcdML, KtO, KdA, Kgsd), volcanic-
sedimentary rocks (KvsQG, KvQG), and metamorphic rock (JKmbP,
JKuM, JKgmS, JgR, JuR, JmI, TRgP, TReC, TRaM, TReaB, TRmPP, TR-
gLC). The study site is marked with a rectangle.

The region of interest defined for this study is located in the
south side of Medellı́n, in the vicinity of San Antonio de Prado
municipality, and covers an area of approximately 3 km2, as
shown in black rectangles in both Figs. 3 and 4. San Antonio de
Prado municipality has mainly mountainous morphology, with
water table conditions varying during the dry and rainy seasons,
where the terrain slopes and soils constantly change due to topo-
graphic and hydraulic conditions, and the advance of physical -
chemical processes of alteration of the existing soils and rocks.
These changes in slopes and soils behavior generate favorable
conditions to trigger landslides (Soriano et al., 2017).

4.1.2 Geological setting

The region of interest is divided into two surface geological units:
debris and mud flow deposits (Qd), and Altavista Stock (KdA)
(as shown in Fig. 5 shaded with yellow and pink, respectively).
Debris and mud flow deposits are made up of several genera-
tions of flows, that are formed because of saturation and loss of
shear strength of soils towards high slopes. Landslides on these
deposits are more vulnerable to high rainfall and seismic events.
Altavista Stock is a plutonic to subvolcanic igneous body that
outcrops extensively on the western flank of the city. In general,
these rocks are intensely weathered, with soil deposits that can
reach thicknesses of 45 m at the valley, and whose texture and
granulometry depend on the facies to which the parent rock cor-
responds (Integral et al., 2006).

18
00

2400

180
0

2000

1800

2300

220
0

2100

2000

1900

825500

825500

826000

826000

826500

826500

11
77

00
0

11
77

00
0

11
77

50
0

11
77

50
0

11
78

00
0

11
78

00
0

11
78

50
0

11
78

50
0

Geologic units
Debris and mud flow
Altavista Stock

0 0.5 10.25
km

¯

Fig. 5: Geological units in the study area

4.1.3 Landslide’s inventory

The landscape evidences the occurrence of hillslope processes
such as erosion and different landslide types. The available data
about processes localization were obtained from the geological
engineering investigation for landslides conducted by students of
the Universidad Nacional de Colombia in 2019 and are shown in
red in Fig. 6. Regarding the geological units shown previously,
processes were identified at both units, mainly at lower altitudes.
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4.1.4 Topographic factors

The topographic factors of elevation, slope, and flow directions,
were calculated by GIS software from a 2 × 2 m digital eleva-
tion model (DEM) conducted in 2014 and are shown in Fig. 7.
The elevation (Fig. 7a) varies between 1770 and 2420 m above
the mean sea level. The slope (Fig. 7b) can be classified as mod-
erate to moderately steep, with slope angles mainly between 10°
and 45°, and maximum values of 60°. The flow direction (Fig.
7c) and flow accumulation (Fig. 7d) are used for the infiltration
model and will be key aspects for analysis of long duration and
for risk analysis.
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Fig. 7: Topographic factors for the study site obtained with ArcGIS

4.1.5 Groundwater table

The initial groundwater table was assumed to be located at the
same depth of the interface between the sliding soil and the rest
of the soil mass (i.e. at the depth of the rupture surface), as used
by various authors in the simulations with TRIGRS (Liu and Wu,
2008; Hidalgo Montoya and Vega Gutiérrez, 2014; Sarma et al.,
2020; Marin and Velásquez, 2020; Viet et al., 2017)

4.1.6 Hydraulic parameters

The hydraulic parameters, i.e. conductivity (Ks), diffusivity (D0),
and initial infiltration rate (IZ) are factors that affect significantly
the transient fluid pressure (Liu and Wu, 2008). However, there
are important uncertainties in their determination (Park et al.,
2013). The values of hydraulic conductivity used in this study
were taken from Ameratunga et al., 2016, and Arango et al.,
2019.

If the soil is saturated, (IZ) is equal to the hydraulic conduc-
tivity, and it reaches zero for dry soil. In this research, the value
is set to 0.01Ks, as used by various authors in the simulations
with TRIGRS (Liu and Wu, 2008), (Park et al., 2013). The sat-
urated hydraulic diffusivity (D0) has been estimated between 2
and 500 times the Ks value. In this study, D0 is defined as 100Ks,
as in different landslide susceptibility analysis using TRIGRS
(Viet et al., 2017, Marin and Velásquez, 2020).

The soil water retention curve (SWRC) parameters for the
Gardner, 1958, model, i.e. saturated volumetric water content
(θs), residual volumetric water content (θr), and the inverse of
the vertical height of the capillary fringe above the water table
(α), were adjusted using the values of the parameters for tropical
soils proposed by Hodnett and Tomasella, 2002. The soil types
of the geological units were grouped according to their engineer-
ing classification (Unified Soil Classification System, USCS) in
order to be consistent with the soil textural classes of the United
States Department of Agriculture (USDA).
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The hydraulic parameters used in this study are shown in Ta-
ble 6 for both geological units. As can be seen in the table below,
the Altavista Stock has higher hydraulic parameters than those
for the Debris and mud flow. Among these, perhaps the most sig-
nificant change is in the saturated hydraulic conductivity being
more than two orders of magnitude less than the Altavista Stock,
which will determine a slower change in pore-water pressure. In
other words, the landslide susceptibility change with time will
be less significant for Altavista Stock areas.

Table 6: Hydraulic parameters

Parameter Units
Debris
and mud
flow

Altavista
Stock

Saturated hydraulic conduc-
tivity, (Ks)

m/s 1.0E-4 4.0E-6

Hydraulic diffusivity, (D0) m2/s 1.0E-2 4.0E-4
Steady infiltration rate, (IZ) m2/s 1.0E-7 4.0E-9
Saturated volumetric water
content, (θs)

m3/m3 0.413 0.601

Residual volumetric water
content, (θr)

m3/m3 0.149 0.223

4.1.7 Rainfall data

Rainfall data is needed for determination of the ground surface
flux for transient modeling of infiltration. There is one meteoro-
logical monitoring station (San Antonio de Prado) in the study
area, operated by Empresas Públicas de Medellı́n (EPM). Ac-
cording to this station, the rainfall distribution is mainly char-
acterized by an average annual rainfall of 2195 mm/year, which
presents the highest levels in May and the lowest one in Jan-
uary (Soriano et al., 2017). In this study a 3 h duration, and 5,
20, and 100 years recurrence intervals (Tr), were selected from
the intensity – duration – frequency (IDF) curves. The intensity
values for all rainfall recurrence intervals are shown in Table. 7.

Table 7: Rainfall data

Tr (years) Intensity (mm/h)
5 20.43
20 26.86

100 36.92

4.1.8 Soil depth

Soil depth maps was calculated as a function of the slope angle,
based on the effective soil depth from Saulnier et al., 1997 and
Aristizábal Giraldo, 2013 models. It represents the impermeable
basal boundary (vertical depth of the lower boundary, (dlz) so

that a permeable superficial layer overlies a less permeable sub-
strate.

Saulnier et al., 1997 calculates the soil depth using Eq. (6)

dlz = zmax

[
1− tanδ − tanδmin

tanδmax− tanδmin

(
1− zmin

zmax

)]
(6)

Where zmin and zmax are the minimum and maximum values of
soil depth, δ is the slope angle, and δmin and δmax are the min-
imum and maximum values of slope angle. zmin = 0.1 m and
zmax= 5.0 m was assumed (Hidalgo Montoya and Vega Gutiérrez,
2014).
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Fig. 8: Saulnier model

Aristizábal Giraldo, 2013 describes the dependence of the
vertical height of the lower boundary (dlz) on the slope angle
(δ ), as shown in Eq. (7).

dlz =−0.026δ +2.83 (7)
18

00

2400

180
0

2000

1800

2300

220
0

2100

2000

1900

825500

825500

826000

826000

826500

826500

11
77

00
0

11
77

00
0

11
77

50
0

11
77

50
0

11
78

00
0

11
78

00
0

11
78

50
0

11
78

50
0

Soil depth
(m)

< 1.0
1.0 - 2.0
2.0 - 3.0
3.0- 4.0
4.0 - 5.0
> 5

0 0.5 10.25
km

¯

Fig. 9: Aristizábal model

Soil depth vary from 0 to 5 meters in Saulnier model and
vary from 0 to 2.83 in Aristizábal model.
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4.1.9 Geotechnical parameters

Geotechnical parameters were given for each material defined
in the geology (c′, φ ′, γsat ). Table 8 summarize the geotechnical
parameters evaluated in the first stage of the methodology for
the two geologic units in the study area from (Integral et al.,
2006) and (Arango et al., 2019), to identify the best fit which in
combination with optimum soil depth model results in predicted
slope instabilities.

Table 8: Geotechnical parameters

Parameter Units

P1
(Arango
et al.,
2019)

P2 (In-
tegral
et al.,
2006)

Altavista Stock
Effective friction angle, (φ ′) · 37 27
Effective cohesion, (c′) kPa 6 23
Saturated unit weight, (γsat ) kN/m3 11 17

Debris and mud flow
Effective friction angle, (φ ′) · - 28
Effective cohesion, (c′) kPa - 15
Saturated unit weight, (γsat ) kN/m3 - 19

4.2 Model calibration

The first stage of TRIGRS model application is the calibration.
Soil depth models and geotechnical parameters considered for
this stage are outlined below.

In accordance with the proposed methodology, once the soil
depth and geotechnical parameters scenarios have been defined,
the maps of susceptibility to landslide in dry conditions are cal-
culated, first, in order to calculate optimum landslide depth and
then, to calculate optimum geotechnical parameters.

In Fig. 10 initial stability conditions are shown, it is when
the soil is almost dry and unsaturated, using Saulnier (Fig. 10a)
and Aristizábal (Fig. 10b) model to define optimum soil depth,
geotechnical parameters from Integral et al., 2006, and ground-
water table at the same level as the elevation between ground
surface and rock surface. At least 1% of the grid-cells (719770
total in the study area) had FS< 1.0 for both evaluated soil depth
models, it is far less than a 10%, therefore the two models are ap-
propriated to represent soil behavior in dry conditions.

In consequence, the optimum soil depth model was adopted,
as used by various authors in the simulations with TRIGRS in
Colombian areas (Marin and Velásquez, 2020, Marin et al., 2020,
Marin et al., 2021). It was considered appropriate to use Saulnier
model because the distribution between the maximum and min-
imum values of soil depth gives a greater soil thicknesses for
gentle slopes and tends to significantly reduce in the steepest
slopes due to the tangent of the slope angle.

To calculate optimum geotechnical parameters, Fig. 11 shows
initial stability conditions when the soil is almost dry and unsatu-
rated, using Saulnier model to calculate soil depth, geotechnical
parameters from Arango et al., 2019 (Fig. 11b) and from Integral
et al., 2006 (Fig. 11b), and groundwater table at the same level
as the elevation between ground surface and rock surface. Failed
grid-cells (FS < 1.0) were 0.42% and 0.35% respectively, then,
the geotechnical parameters from Integral et al., 2006, with the
lower percentage of failed cells were selected.
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Fig. 10: Landslides susceptibility map using different soil depth models
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Fig. 11: Landslides susceptibility map using different geotechnical parameters
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4.3 Model validation

Using the soil depth and geotechnical parameters defined in the
previous calibration stage, the ability of the model to predict
landslides is evaluated by means of a reliability test. This test
consists in comparing landslides inventory and landslides pre-
dicted using TRIGRS model for three (3) years recurrence in-
terval and three (3) hours of rainfall intensity. Fig. 12 shows the
FS map resulting from the computation where the soil started
to gain moisture and some areas are accounted as unstable. It
is clear that the unstable areas obtained agree with the landslide
inventory. This is considered as a good result.
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Fig. 12: Landslide susceptibility map after (3) hours of rainfall,
using mean values defined in model calibration

The performance of the model is demonstrated through sta-
tistical - based reliability tests provided in Fig.13. For shallow
landslides, the relative error is low (i.e. ξ = 0.28), and the cor-
rect classification rate is high (i.e. CCR = 0.96), indicating that
the zones of landslide susceptibility are well recognized by the
model independently of the water table location. This situation
agrees with the field observations and site survey. Furthermore,
the ROC (AUC) index shows high values. This is partly due to
the low surface area of this type of landslide. It can be notice
that all the indices stay in the ideal good fit area (i.e. the lower
region in Fig. 12). Even if some errors remain, the majority of
the landslides are well captured by the TRIGRS model.
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Fig. 13: Landslide reliability test

4.4 Sensitivity analysis

The sensitivity analysis consisted of evaluating the effects on the
landslide susceptibility maps of three factors: (i) rainfall recur-
rence interval, (ii) geotechnical parameters, and (iii) groundwa-
ter table. To compare the response of the model to changes on
these factors, the percentage of the cells that failed (i.e. cells with
FS<1) with respect to the total cells, herein referred to as the
fraction of failed cells, was evaluated for each of the 27 cases,
and for 5 rainfall durations. For this study, it is clear that the
effect of changing of only 1 meter on the groundwater table af-
fects the most the number of failed cells. Thus, Fig. 14 to Fig.
16 show the results separated for groundwater table positions.
In each of these figures, results of nine cases are shown, and
therefore the results of all 27 cases can be analyzed. In these fig-
ures the change in markers represents the change in groundwater
table (GWT), the change in line type represents the change in
geotechnical parameters (P) and the change in colors represents
the change in rainfall recurrence intervals (Tr).

Firstly, the effect of the rain duration is significant for almost
all cases and is more pronounced when the geotechnical param-
eters are reduced by a-half times the standard deviation (i.e. P1),
the groundwater table is one meter below the sliding surface (i.e.
GWT1) and all three Tr values. For these cases, the fraction of
failed cells increases from 3% to almost 19%, more than a six-
fold, between no rainfall and 24 hours rainfall, as is shown in Fig.
14 with the dotted lines. In sharp contrast, when the geotechnical
parameters are increased by a-half times the standard deviation
(i.e. P3) and when the groundwater table is one meter above the
sliding surface (i.e. GWT3), the values change from less than
0.03% to about 0.05%, over the same duration of rainfall (Fig.
16).

In addition, the fraction of failed cells does not increase lin-
early with respect to the rainfall duration, as shown by the change
in the slope of the lines in Fig. 14 to Fig. 16, after 6 hours of rain.
In other words, the behavior of the model in response to succes-
sive rainfall changes with time as the soil wetness increases. For
this study, between 3 and 6 hours of rain, the fraction of failed
cells varies more slowly (i.e. a more gentle slope in Fig. 14),
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then, between 6 and 12 hours or 24 hours of rain, the fraction
of failed slopes increases more drastically (i.e. a steeper slope)
for the majority of cases analyzed. Comparing the 27 analysis
cases, the change in rate varies slightly and is mostly affected by
the rainfall recurrence interval as this affects the intensity rate.
This change in behavior is also related to the infiltration rate, the
hydraulic conductivity of the soil and the other hydraulic param-
eters defined in section 4.1.6. The effect of the changes on these
parameters was out of the scope of this study.

Concerning the different rainfall recurrence intervals tested,
the effects on the fraction of failed cells depend strongly on the
groundwater table. When the groundwater table is one meter be-
low the sliding surface (i.e. GWT3), the rainfall intensity affects
more the landslide susceptibility than the change in geotechnical
parameters. However, as the groundwater table is closer to the
surface, the differences between cases of the same geotechnical
parameters affect more the response than the rainfall recurrence
interval. For example, with GWT3 (in Fig. 16) and after 24 hours
of rain, for cases with the lowest geotechnical parameters (P1),
a change between 5 years and 100 years in the recurrence inter-
val presents an increase from 0.5% to almost 4%, an 8-fold in-
crease. In addition, all values for a 100 year recurrence interval
(Tr3, shown in yellow) are the greatest. In contrast, differences
are less than 0.5% at 24 hours of rain, for different recurrence
intervals with GWT1 as shown in Fig. 14 with different colors.
In other words, the model used in this study is more strongly
affected by the uncertainty on the groundwater table and on the
geotechnical parameters, than on the rainfall recurrence interval.

Furthermore, as discussed previously, the change in behav-
ior as the rainfall duration increases is slightly affected by the
different recurrence intervals. For example, in Fig. 14, while at
24 hours of rain, when GWT1 is used, the results are almost the
same independent on the recurrence interval, at 6 and 12 hours
the lines get separated which means that the landslide suscep-
tibility is more affected by the recurrence interval at a shorter
duration than for 24 hours.

Regarding the change in the geotechnical parameters, once
more its influence is affected by the groundwater table. Hence,
as the groundwater table is closer to the surface, the differences
in the fraction of failed cells between cases with geotechnical
parameters variation, increase. For example at 12 hours with Tr2
and GWT1, the failed cells represent 3, 7 and 12 % of the to-
tal area for P1, P2 and P3, respectively (Fig. 14), but the values
change to 0.5, 1.5, and 2.5 % with GWT2 (Fig. 15). Furthermore,
the influence of the change in the geotechnical parameters is sig-
nificant even prior to rainfall (i.e. at 0h) for GWT1, when values
are 0.5, 1 and 3% for P1, P2 and P3, respectively. These results
highlight the importance of accurately determining the geotech-
nical parameters as well as the location of the groundwater table.

Landslide susceptibility maps obtained for cases A13, A14,
A14, are shown in Fig.17 for 0, 12, and 24 hours of rainfall du-
ration. The geotechnical parameters corresponds to mean (P2),
and the recurrence interval to 20 years (Tr2).
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Fig. 17: Landslide susceptibility maps at increasing rainfall duration for different groundwater table positions
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5 Conclusions

Rainfall-induced landslides constitute a major threat to infras-
tructure and casualties in steep mountainous terrain. This re-
search consisted in evaluating the characteristics and trigger-
ing mechanisms of landslides due to rainfall in San Antonio de
Prado, Antioquia, Colombia. The TRIGRS model was used to
take into account the transient behavior of saturated as well as
unsaturated soil conditions.

Concerning the validation of the model, the fraction of un-
stable cells shows a good agreement with the total area of the
landslides identified in the inventory, even though they do not
match exactly in terms of spatial distribution. In other words, the
forecasted landslides obtained with the model seem to match in
terms of several unstable cells with the real landslides, however,
some pixels are wrongly located regarding the landslide scars.
This spatial error would not affect risk assessment because the
system would have alerted anyway for the occurrence of land-
slides, independently from their location. In this study, the model
validation was limited as it was not possible to determine the
rainfall intensity and duration that triggered the events because
the landslide inventory did not include the approximate time and
date of each event. More reliable and detailed landslides inven-
tory are key to increase the accuracy of landslide models, thus
fundamental for risk management in cities.

Regarding the behavior of the model in response to succes-
sive heavy rainfall, the study showed an important change with
time as soon as the soil wetness increases. First, when the soil
is almost dry and the rain starts infiltrating, the Factor of Safety
varies gradually and more slowly.

The study revealed that the saturation of the soil at the in-
terface between the assumed landslide depth and the underlying
low permeable soil increases the positive pore water pressure,
which reduces the shear strength of the soil and in turn the safety
factor. Furthermore, for the particular study case, high rainfall
duration contributes to accelerate the failure. In this study, hy-
drology plays a role in the initiation of landslides in cases where
the duration exceeds 6 hours.

Concerning the effect of changes in ground water table, geotech-
nical parameters and rainfall recurrence intervals on the land-
slide susceptibility, the results highlighted the importance of ac-
curately determining these three factors. Furthermore, these fac-
tors affect the model simultaneously thus their influence is re-
lated to the relation among them. In this study, the factor that af-
fected the most the results was the position of the ground water
table. The effect of the rainfall recurrence interval was most sig-
nificant when the ground water table was 1 m below the sliding
surface. But, when the ground water table was 1 m above, differ-
ences on the fraction of failed cells were mostly affected by the
geotechnical parameters used. More site specific data might re-
duce the uncertainty in geotechnical parameters and ground wa-
ter table position, thus improving the calibration and accuracy of
landslide models.

The use of the methodology proposed in this study allows
evaluating the performance of different approaches to improve
the reliability of the landslide susceptibility models. This is an
important contribution specially in lack of recognized standards
and accepted practices for statistically - based landslide suscep-
tibility modeling.

The results for this case study show the benefits of using
TRIGRS model for landslide susceptibility assessment and early
risk detention. Furthermore, this model could be implemented
in local and regional environments as a prevention tool and as a
valuable input for urban planning and early warning systems.
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naturales y antrópicos en el perıodo 1880-2007. Gestión
y ambiente, 10(2), 17–30.
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ard (aburrá valley-colombia). Revista EIA, (22), 103–
117.

Hodnett, M., & Tomasella, J. (2002). Marked differences be-
tween van genuchten soil water-retention parameters
for temperate and tropical soils: A new water-retention
pedo-transfer functions developed for tropical soils. Geo-
derma, 108(3-4), 155–180.

IDEAM, PNUD, MADS, & DNP. (2015). Escenarios de cam-
bio climatico para precipitación y temperatura para
Colombia 2011 - 2100 Herramientas cientı́ficas para
la toma de decisiones. IDEAM. http://documentacion.
ideam.gov.co/openbiblio/bvirtual/022963/022963.htm

Integral, Universidad EAFIT, Universidad Nacional de Colom-
bia, Inteinsa, & Solingral. (2006). Microzonificación sı́smica
detallada de los municipios de Barbosa, Girardota, Co-
pacabana, Sabaneta, La Estrella, Caldas y Envigado.
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