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1 INTRODUCTION 

Rainfall-induced landslides are characterized by a 
variety of triggering mechanisms (Rahardjo et al. 
2007). Indeed, failure in unsaturated slopes has been 
reported to be the result of rise of groundwater level 
(Li et al. 2013), loss of suction-dependent strength 
due to infiltration fronts, development capillary bar-
riers due to contrasts in hydraulic conductivity 
(Mancarella et al. 2012) and bedrock exfiltration 
(Cascini et al., 2008), among others.  

In the presence of liquefiable deposits, such mech-
anisms can promote the development of fluid pres-
surization leading to mobile flowslides (Cascini et 
al. 2013). The combination of such factors in natural 
landscapes makes regional landslide forecasting a 
challenging task (Picarelli et al. 2008).  

The aim of this paper is to discuss the perfor-
mance of a spatially-distributed model for landslide 
susceptibility able to differentiate between slips and 
flowslides in a mountainous landscape. For this pur-
pose, an overall description of the case study is first 
presented, followed by a presentation of model com-
ponents and input data. The results of simulations 
are then discussed in terms of landslide susceptibility 
maps and temporal evolution of unstable areas.  

Lastly, results are evaluated in terms of true and 
false positives using circular buffers, with the goal to 

assess model performance for each of the different 
triggering mechanisms reported across the area. 

2 METHODOLOGY 

2.1 Landslide inventory 

The study area comprises a 9 km2 region within the 
Pizzo d’Alvano massif, on the vicinity of the Sarno 
municipality (Fig. 1a). Due to the proximity to the 
Somma-Vesuvius volcanic system, the geologic set-
ting is characterized by unsaturated pyroclastic air-
fall sediments loosely-deposited over a carbonate 
fractured bedrock (Cascini et al. 2008).  

On May 4-5 of 1998, more than a hundred shallow 
landslides occurred over an area of 60 km2, after 
more than 40 hr of continuous rainfall. Most events 
were characterized as flowslides able to propagate 
downslope for several km, thus causing extensive 
damage and loss of lives on the surrounding urban 
centers. Detailed analyses of the meteorological as-
pects of the event, geological and geotechnical char-
acteristics of the deposits and field monitoring stud-
ies have been widely documented elsewhere (Cascini 
2004; Crosta and Dal Negro 2003). Here, emphasis 
is placed instead on the distribution of the various 
triggering mechanisms associated with specific ge-
omorphologic conditions (Cascini et al. 2011), as 

Performance of advanced safety factor theories against field evidences of 
variable triggering mechanisms 

J.J. Lizárraga, X. Li, & G. Buscarnera 
Northwestern University, Evanston, Illinois, USA 

S. Cuomo 
University of Salerno, Salerno, Italy 

 

 
 

 

ABSTRACT: This paper discusses the performance of a spatially-distributed model of landslide susceptibility 
analyses at regional scale. Factors of safety (FS) were derived by analyzing the stability of unsaturated slopes 
with a suction-dependent plastic model with non-associated flow rule. Two failure modes were considered: 
uncoupled failure due to mobilization of drained shear strength (referred to as soil slips) and coupled failure 
driven by the build-up of pore water pressure (referred to as flowslides). The FS expressions have been com-
bined with a cell-based hydrologic model to compute susceptibility maps. The model is tested against a series 
of documented landslides that occurred in Campanian volcanic soils (Italy). The inventory provides the loca-
tion of landslide initiation points and a description of the triggering mechanism based on local geomorpholog-
ic conditions. To assess the model performance for each triggering mechanism, the results of the simulations 
are discussed in terms of true and false positive rates by using circular zones of influence surrounding the ini-
tiation points. The results show the possibility to capture some of the main morphometric characteristics of the 
documented events, suggesting that principles of unsaturated soil plasticity are convenient tools to supplement 
physically-based models for landslide forecasting. 



well as to their influence on the susceptibility to fric-
tional slips or flowlides (Buscarnera and di Prisco 
2013).  

A total of 41 landslides initiation points were 
identified, georeferenced within the area (Fig. 1a). 
The events were classified into five possible types. A 
schematic representation of each mode of failure is 
shown in Fig. 1b, while their spatial distribution is 
given in Fig 1a. Mechanisms M1 are located inside 
colluvial hollows associated with zero-order basins. 
Source M2 are located upslope rock outcrops. Mech-
anisms M3 are related to overlapping and/or laterally 
enlarging local slope instabilities close to man-made 
tracks. Landslides of type M4 coincide with the head 
of the main hydrologic channels and involve depos-
its of limited thickness. Source areas M6 correspond 
instead to slope angle breaks and involved limited 
volumes. Lastly, “unclassified” events were those 
characterized by irregular shapes that did not present 
any of the previous characteristics and were among 
the few located at lower elevations (Fig 1a). 

2.2 Model description  

For regional landslide susceptibility analyses, the 
landscape is discretized in slope units (squared cells) 
to allow the input of several spatially-distributed var-
iables, such as elevation (e.g., via a Digital Elevation 
Model, DEM), soil thickness, slope, and groundwa-
ter conditions (Frattini et al. 2004; Sorbino et al. 
2010). For computational purposes, each slope unit 
is characterized by its thickness and initial/boundary 
conditions. For each cell, transient infiltration is 
modelled by using an analytical solution of the Rich-
ards equation (Srivastava and Yeh 1991). This has 
been implemented in the program TRIGRS (Baum et 
al., 2008) to compute spatial and temporal distribu-
tion of pore pressures that are subsequently used to 
update the safety factors for slips and flowslides. De-
tails of the model formulation, calibration proce-
dures and its implementation can be found in 

Lizárraga et al. (2017). Hereafter only a brief de-
scription of the formulation of safety factors is pro-
vided.  

The pyroclastic soils are characterized by a high 
susceptibility to wetting-induced compaction and 
unsaturated soil behaviour is modelled through a 
plastic model with non-associated flow rule and hy-
dromechanical hardening, which requires the calibra-
tion of five material constants.  

Failure thresholds are derived by analyzing the 
slope response for two scenarios: uncoupled drained 
failure (referred to as slips) and coupled failure driv-
en by the pressurization of water (referred to as 
flowslides) (Buscarnera and Di Prisco 2013). For the 
former case (Eq. 1), it can be shown that the use of a 
suction-dependent constitutive stress for the soil 
skeleton and a logarithmic expression of the yield 
surface leads to:  
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where s is suction,   and   are the friction angle 
of the soil layer and its slope inclination, respective-
ly, 

net  is the overburden stress and k is a parame-
ter that quantifies the effect of suction on the shear-
ing resistance. For coupled stability analyses (Eq. 2), 
the use of a non-associative flow rule and an expo-
nential hardening law that depends on suction and 
plastic strains leads to the following threshold for 
flowslides: 
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where 
LIQ  is the mobilized friction at the onset of 

liquefaction and the hydromechanical factor w  (Eq. 
3) is a function of the deformation/wetting properties 
of the unsaturated soil: 
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M1
9 events

M2
6 events

M3
2 events

M4
7 events

M6
13 events

Unclassified (U)
4 events

Total 
41 events

Figure 1. a) spatial distribution of landslide triggering mechanism over the study area, and b) schematic of triggering mechanisms  



in which n is the porosity, rw controls the rate of 
hardening with respect to suction,   is the plastic 
compressibility, rS  is the degree of saturation, and 

( )rG G S  is the derivative of the retention curve 
with respect to rS .  

The model parameters were calibrated from oe-
dometer tests at different suction levels, shear 
strength data and measured water retention curves 
(Lizárraga and Buscarnera 2017). Rainfall-intensities 
were derived from meteorological stations, while the 
initial hydrologic conditions were constrained on the 
basis of the suction profiles derived from several 
years of field monitoring (Papa et al. 2013; Cascini 
et al. 2014). Finally, the thickness maps reported by 
Cascini et al. (2008) were used to constrain the depth 
of the analysis. 

3 RESULTS 

3.1 Spatial and temporal distribution of slips and 
flowslides 

The computed distribution of slips and flowslides by 
the end of the storm (i.e, t =48 hr), using a value of 
hydraulic conductivity Ks = 3×10-6 ms-1 is shown in 
Fig. 2. Good agreement is found in proximity to the 
landslide source points, as signaled by the clustering 
of unstable cells surrounding them. Approximately 
75% of the unstable cells were computed as flow-
slides, in agreement with available landslide invento-
ries (Crosta and Dal Negro 2003). In particular, 
flowslides are predominantly computed in the central 
and northeastern sections of the study area, while 
few slip zones were computed in the northwestern 
sector.  

The above computed proportion of flowslides 
across the landscape depends on the adopted value of 
Ks (Lizárraga et al. 2017). This is because less per-
meable soils promote perching of moisture at shal-
low depths due to the interaction of continuous rain-
fall input and slow rate of infiltration, thus 

generating zones of locally elevated pore pressure 
that increases the susceptibility to flowslides. By 
contrast, more permeable soils tend to promote infil-
tration fronts in which suction losses are less pro-
nounced but propagate, so that failures tend to be lo-
calized in the deeper portions of the cover. These 
results are consistent with those reported in literature 
(Pradel and Raad 1993; Reid 1997), which show that 
destabilizing effects due to local values of hydraulic 
conductivity can be as large as those induced by lo-
cal variations of shear strength. 

To illustrate such effects on the model response, 
the temporal evolution of computed unstable area 
(normalized by its total aggregate) corresponding to 
the previous landslide susceptibility map is plot in 
Fig. 3b. The curves for lower and higher values of Ks 
are shown in Figs 3a. and 3c, respectively. While the 
shapes of the curves are qualitatively similar the 
relative contribution of slips and flows differs, since 
by the end of the storm, the computed fractions of 
flowslides are 100% (Fig 3a), 75% (Fig 3b) and 20% 
(Fig 3c). Such considerations could be used to infer 
upper and lower bounds of Ks by using information 
provided in landslide inventories.   

 

3.2 Model performance 

To evaluate the accuracy of model predictions (i.e., 
whether the computed unstable cells fall within the 
reported failure zones) it is necessary to define spe-
cific landslide sources across the study area (Sorbino 
et al. 2010). In the present case, only points of land-
slide initiation were used (Cascini et al. 2011). 
Hence, circular zones around the initiation points 
(referred as buffers) have been used to estimate the 
zone of influence of each failure event (Fig. 2b), thus 
using a methodology previously adopted to study the 
influence of road networks (Larsen and Parks 1997), 
faults (Saha et al. 2005) and underground infrastruc-
ture (Cevik and Topal 2003) on landslide frequency. 
Hence, the performance of the predictions are quan-

Landslide 
initiation points 

Buffer  
(area = 600 m2) 

a) 

Landslide 
initiation points 

b) 

Figure 2. a) computed distribution of slips and flowslides, b) insets showing buffers for the computation of performance indexes 



tified by computing the true positive rate within each 
buffer (success index, SI), while the level of over-
prediction are obtained by computing the false posi-
tive rate with reference to the areas outside the buff-
ers (error index, EI). With this method, efficient 
simulations are identified by large values of the ratio 
SI/EI (Lizárraga et al. 2017). 

One of the objectives of such approach is to quan-
tify the relative distribution of successful predictions 
as a function of the landslide triggering mechanisms 
described in Fig. 1. This is illustrated in Fig. 4, 
which shows the temporal evolution of SI (for a 
buffer area of 600 m2) for the susceptibility map in 
Fig 2a. The model performs better for mechanism 
M3, reaching a value of SI=60% by the end of the 
storm, while the “unclassified” landslides remain 
below SI=5% throughout the analysis, thus suggest-

ing that the underlying model assumptions might not 
be suitable for the latter class of mechanisms. 

Figure 4. Temporal evolution of success index for each failure 

mechanism. 
 

The amount of successful computations can also 
be analyzed with reference to the relative distribu-
tion of computed slips and flowslides as shown in 
Fig. 5. The SI for mechanisms M1, M3 and M4 are 
associated with a high proportion of flowslides 
(85%, 95% and 80%, respectively). Of these three 
classes, M3 is the only one with SI>50%, probably 
because of the few events classified under this cate-
gory across the selected study area. 

Figure 5. Success indexes and its relative contribution of com-
puted slips and flowslides. 
 

Another consideration is the selection of the buffer 
size. This is important since the use of small buffer 
zones would enlarge the available area for which 
computed unstable cells are considered unsuccessful 
(i.e., high EI), in that to obtain efficient simulations 
the predicted unstable cells would have to fall exact-
ly within the small buffer. On the other hand, since 
SI is a relative measure, bigger buffer areas would 
require a large number of unstable zones to reach an 
acceptable SI. To illustrate this point, in the follow-
ing, different buffer sizes are used to compute the SI 
and EI and the results are analyzed in terms of land-
slide mechanism and failure modes. 

a) 

b) 

c) 

Figure 3. Temporal distribution of normalized unstable 
area for different values of a) Ks = 2×10-6 ms-1, b) Ks = 
3×10-6 ms-1, and c) Ks = 4×10-6 ms-1. 
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First, the evolution of the ratio SI/EI versus buffer 
area is shown in Fig. 6 for simulations with different 
values of Ks. For all cases, there is an optimal buffer 
size of 600 m2 (i.e., search radius of approximately 
13 m) that maximizes the value of SI/EI. Indeed, the 
two end-members of buffer area (200 and 1600 m2) 
have almost the same SI/EI for most simulations.  

Figure 6. Computed ratio of SI/EI as a function of buffer area. 

 
The above analysis encompasses all the landslide 

classes. However, due to their different geomorpho-
logic conditions it is expected that each mechanism 
might be associated with different characteristic siz-
es (i.e., the buffer area that maximizes SI). To study 
this aspect Fig. 7 shows the distribution of SI for 
each of the landslide classes and with reference to 
the case with Ks = 3×10-6 ms-1. Note that for each 
mechanism, the SI is associated with a different de-
pendency on the buffer size. For instance, mecha-
nism M1 shows a pattern similar to the observed 
model global response, while other classes display 
different trends, such as M4, which shows a larger SI 
for the smallest buffer. 

Figure 7. Role of buffer area per each triggering mechanism. 

 
To better illustrate the previous aspect, Fig. 8 

shows the evolution of SI for each type of mecha-
nism and for all the values of Ks used in this study. 
While mechanisms M1, M3 and M6 display a max-
imum SI using a buffer area of 600 m2 for most of 
the simulations, mechanism M4 results in a relative-
ly low SI for the same buffer size. In fact, M2 and 
M4 show a reduction in SI with larger buffer areas, 

thus suggesting a smaller zone of influence for these 
triggering mechanisms. Indeed, landslides M4 were 
characterized by their small amount of mobilized 
soil volumes (see section 2.1). 

The results also show different trends in terms of 
hydraulic conductivity. For instance, for landslide 
classes M1, M3 and M4, lower values of Ks result in 
higher levels of SI, with successive increments of Ks 
reducing the efficiency of the simulations. This trend 
is reversed for mechanisms M2, M6 and “unclassi-
fied”. In other words, these considerations suggest 
that a heterogeneous spatial distribution of permea-
bility and/or infiltration rate could further improve 
the efficiency of the simulations. 

4 CONCLUSIONS 

This work has presented the application of stability 
theories for unsaturated slopes derived from suction-
dependent soil plasticity to regional analyses of land-
slide susceptibility. The model has been tested 
against a documented case study where landslide ini-
tiation points were classified into different triggering 
mechanisms according to their morphological char-
acteristics. To evaluate the model performance, cir-
cular buffers have been used to evaluate the true and 
false positive rates of the computations.  

The results indicate that when using a homogene-
ous spatial distribution of Ks, a buffer area of 600 m2 
maximizes the efficiency of the simulations in that it 
provides the largest ratio of SI/EI. However, such 
characteristic size varies according to triggering 
mechanism, as two out of six landslide classes (M2 
and M4) present an optimum size of 200 m2. These 
preliminary results suggest that the incorporation of 
recent advances in unsaturated soil modelling within 
regional approaches for landslide hazard zonation 
can provide a convenient tool to elucidate the key 
factors that influence such variability of landslide 
triggering. Future analyses considering different ge-
ometrical forms (i.e., ellipses with different elonga-
tion ratios) can be used to study the role of landslide 
shape and orientation, while a larger landslide data-
base can help to further validate the preliminary con-
clusions emerging from this analysis. 
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Figure 8. Role of buffer area as a function of triggering mechanism for all the simulations conducted in this study. 


