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Abstract. Distributed models to forecast the spatial and parameters can be determined by the usual methods used for
temporal occurrence of rainfall-induced shallow landslidespreparing the TRIGRS input parameters. The outputs of sev-
are based on deterministic laws. These models extend sp&ral model runs obtained varying the input parameters are an-
tially the static stability models adopted in geotechnical en-alyzed statistically, and compared to the original (determinis-
gineering, and adopt an infinite-slope geometry to balancdic) model output. The comparison suggests an improvement
the resisting and the driving forces acting on the sliding of the predictive power of the model of about 10 % and 16 %
mass. An infiltration model is used to determine how rain-in two small test areas, that is, the Frontignano (Italy) and
fall changes pore-water conditions, modulating the local stathe Mukilteo (USA) areas. We discuss the computational re-
bility/instability conditions. A problem with the operation quirements of TRIGRS-P to determine the potential use of
of the existing models lays in the difficulty in obtaining the numerical model to forecast the spatial and temporal oc-
accurate values for the several variables that describe theurrence of rainfall-induced shallow landslides in very large
material properties of the slopes. The problem is partic-areas, extending for several hundreds or thousands of square
ularly severe when the models are applied over large arkilometers. Parallel execution of the code using a simple pro-
eas, for which sufficient information on the geotechnical cess distribution and the message passing interface (MPI) on
and hydrological conditions of the slopes is not generallymulti-processor machines was successful, opening the possi-
available. To help solve the problem, we propose a prob-bly of testing the use of TRIGRS-P for the operational fore-
abilistic Monte Carlo approach to the distributed modeling casting of rainfall-induced shallow landslides over large re-
of rainfall-induced shallow landslides. For this purpose, wegions.

have modified the transient rainfall infiltration and grid-based
regional slope-stability analysis (TRIGRS) code. The new
code (TRIGRS-P) adopts a probabilistic approach to com-

pute, on a cell-by-cell basis, transient pore-pressure changes Introduction

and related changes in the factor of safety due to rainfall in-

filtration. Infiltration is modeled using analytical solutions Rainfall is a primary trigger of landslides, and rainfall-
of partial differential equations describing one-dimensionalinduced landslides are common in many physiographical en-
vertical flow in isotropic, homogeneous materials. Both sat-Vironments(e.g.Brabb and Harrod1989). Prediction of the
urated and unsaturated soil conditions can be consideredocation and time of occurrence of shallow rainfall-induced
TRIGRS-P copes with the natural variability inherent to the landslides remains a difficult task, which can be accom-
mechanical and hydrological properties of the slope materi-Plished adopting empiricalQrosta 1998 Sirangelo et a).

als by allowing values of the TRIGRS model input param- 2003 Aleotti, 2004 Guzzetti et al. 2007 2008, statisti-
eters to be sampled randomly from a given probability dis-cal (Soeters and Van Westeh996 Guzzetti et al. 1999

tribution. The range of variation and the mean value of the2005 2006a Partnership for reducing landslide ri<004),
or process-basedipntgomery and Dietrich1994 Terlien
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496 S. Raia et al.: Improving landslide modeling

1998 Baum et al. 2002 2008 201Q Crosta and Frattini
2003 Simoni et al, 2008 Godt et al, 2008 Vieira et al,
2010 approaches, or a combination of them@ofsevski
et al, 2006 Frattini et al, 2009. Inspection of the liter-
ature, reveals that process-based (deterministic, physicall
based) models are preferred to forecast the spatial and th o :

temporal occurrence of shallow landslides triggered by indi- o
vidual rainfall events in a given area. Process-based mod-{REEEEEE S ——
els rely upon the understanding of the physical laws con- S
trolling slope instability. Due to lack of information and the
poor understanding of the physical laws controlling landslide
initiation, only simplified, conceptual models currently are
possible. These models extend spatially the simplified stabil-
ity models widely adopted in geotechnical engineering (e.g.,
Taylor, 1948 Wu and Sidle 1995 Wyllie and Mah 2004,

and calculate the stability/instability of a slope using param-
eters such as normal stress, angle of internal friction, co-
hesion, pore-water pressure, root strength, seismic accelef
ation, or external weights. Computation results in the factor
of safety, an index expressing the ratio between the local re-
sisting R) and driving §) forces,Fs= R/S. Values of the
index smaller than 1, correspondingRo< S, denote insta-
bility, on a cell-by-cell basis, according to the adopted model.
To calculate the resisting and the driving forces, the geome-
try of the sliding mass must be defined, including the geom-
etry of the topographic surface and the location of the slip
surface. Most commonly, an infinite-slope approximation is
adopted Taylor, 1948 Wu and Sidle 1995. This is also
the approach adopted by the US Geological Survey (USGS
Transient Rainfall Induced and Grid-Based Regional Slope-
Stability Model (TRIGRS) modelRaum et al.2002 2008,
within each user-defined cell. Within the infinite-slope ap-
proximation, in each cell the slip surface is assumed to be
of infinite extent, planar, at a fixed depth, and parallel to the

Unsaturated layer
Capillary fringe

. - i L Water table
topographic surface. Forces acting on the sides of the sliding Saturated layer
mass are neglected. Failure plane

Modeling of shallow landslides (Figla) triggered by
rainfall adopting the infinite-slope approach requires time- | B
invariant and time-dependent information. Time-invariant in-
formation includes the mechanical and hydrological proper-

ties of th_e slope mat,e”al (€.g., unit weight cohesionc, the soil slide type in the Collazzone area, Umbria, Italy (Fig.
angle of internal frictionp, water content, saturated hy- (g schematic representation of the slope-infinite model showing
draulic conductivityKs), and the geometrical characteristics the coordinate system and variables used in the deterministic and
of the sliding mass (e.g., gradient of the slope and the slidingyrobabilistic models. See Tab# for the symbols description.
planes, depth to the sliding plangp). The fact that these pa-

rameters are constant in time is an assumption of the model.

Time-dependent information consists of the pressure figad are used for saturated (e.¢person 2000 and unsaturated
that is, the pressure exerted by water on the sliding masdge.g., Srivastava and YeHL 991, Savage et al.2003 2004
which is a function of the depthiy,, of water in the terrain  conditions.

(Freeze and Chernyl979. Determining the pressure head, = The numerical implementation of one such model has been
and its spatial and temporal variations, requires understandaccomplished byBaum et al.(2002 in TRIGRS. The pro-

ing how rainfall infiltrates and water moves into the ground. gram calculates the stability conditions of individual grid
This is described by the Richards equati®ichards1931). cells in a given area, and models infiltration adopting the
This non-linear partial differential equation does not haveapproach proposed Hyerson (2000, for one-dimensional

a closed-form analytical solution, and approximate solutionsvertical flow in isotropic, homogeneous materials, and for

Fig. 1. (A) Example of a rainfall-induced shallow landslide of
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saturated conditions. In the code, the forces acting on eacHiscussed in Sec#, which focuses on the analysis of the

individual grid cell are balanced in the centre of mass of eachperformance of the geographical prediction of the shallow

cell, and all interactions with the neighboring grid cells are landslides, and on the potential application of the new proba-

neglected. bilistic code for modeling shallow rainfall-induced landslides
In a second release of TRIGRBaum et al(2008 have  over large areas<(100 kn¥).

extended the code to include unsaturated soil conditions,

including the presence of a capillary fringe above the wa- ,

ter table. TRIGRS can be used for modeling and forecast? Overview of the model

:Egut(r:]: dt:?rzgglizgg iip:tl?\ll:rzsgr'bum; 2{ Z[‘ gl(l)c())vg zrgtl)rgall— Both TRIGRS and TRIGRS-P frameworks are pixel-based
9 G ' and adopt the same geometrical scheme, the same subdivi-

2010. A problem when using TRIGRS, and similar com- sion of the geographical domain and accept the same inputs
puter codes (e.g. Shalstddontgomery and Dietrichl 994 An additional set of parameters is used in TRIGRS-P to spec-

GEOtop-SFSimoni et al, 2008, for the modeling of shallow ify the variability of the characteristics of the terrain. Within

rainfall-induced landslides over large areas resides in the dif- . .
) . . - s . each pixel, slopes are modeled as a two-layer system consist-
ficulty (or operational impossibility) of obtaining sufficient,

. o . . : ing of a lower saturated zone with a capillary fringe above
spatially distributed information on the mechanical and hy- ;
. i ) ) . the water table, overlain by an unsaturated zone that extends
drological properties of the terrain. Adoption of a particular .
) . . i X to the ground surface. The water table and the (hypotheti-
value to describe the mechanical (unit weiggtcohesior, cal) sliding surface are planar and parallel to the topographic
angle of internal frictiorp) and the hydrological (water con- g P P pograp

tentd, saturated hydraulic conductivitye) properties of the surface. The geographical domain represented by an array of

terrain may result in unrealistic or inappropriate representa-g“d cells, coincides with the elements of a digital elevation

tions of the stability conditions of individual or multiple grid m°4€! (DEM) used to describe the topography of the study
cells. area (Fig1b).

In this work, we propose a probabilistic, Monte Carlo ap- 5 1 peterministic approach: the TRIGRS code
proach in an attempt to overcome the problem of poor knowl-
edge of terrain characteristics over large study areas. We olin the original approach coded in TRIGR8aum et al.
tain the input values for the parameters for the individual runs2008), the stability of an individual grid cell is determined
of TRIGRS using probability distributions. Multiple simu- adopting the one-dimensional infinite-slope modalylor
lations are performed with different sets of randomly cho- (1948. The model assumes that failure of a grid cell occurs
sen input parameters, and we obtain multiple sets of modelyhen the resisting force® acting on the sliding surface are
outputs. We denote the newly developed code TRIGRS{ess than the driving force$ (Wu and Sidle 1995 Wyllie
Probabilistic, or TRIGRS-P. The different outputs are thenand Mah 2004). The ratio of the resisting and the driving
analysed jointly to infer local stability or instability con- g forces gives by the factor of safefys,
ditions as a function of the random variability of the in-
put parameters, and the statistical significance of the mul-__ R _1ané  c—vyywtans (1)
tiple outputs is determined. Examples of similar probabilis- S tans  yszsindcoss ’
tic approaches to model the stability/instability conditions of
slopes exists in the literature (e.¢dammond et aJ.1992
Pack et al.1998 Haneberg2004). The various models adopt
different physically based models, which are not equivalent.
e o edpocurs wherks < 1. Solon of £, requres e o

T . . putation of the pressure head which is governed by the

the aspects relevant to slope stability analysis, and it is Cahichards(lQSJ) equation:
pable of reproducing empirical properties of rainfall-induced |
shallow landslides, including the rainfall intensity—duration j A —2) 90
conditions that generate the slope instabilities, and the statisz_ [Kz ) 8—1} =37
tics of the size of the unstable areas, as recently shown by
Alvioli et al. (2014). wherez is the slope-normal coordinatejs the time,K; is

The paper is organized as follows. First, we summarizethe vertical hydraulic conductivity that depends on the pres-
the model adopted in the software code TRIGRS, versionsure head/, andd is the volumetric water content (Figb).
2.0 Baum et al. 2008, and we introduce our probabilistic Equation @) is solved in TRIGRS adopting the modeling
extension (Sec) implemented in the new code TRIGRS- scheme proposed Baum et al(2008.
P. Next, we present a comparison of the performance of the For saturated conditions, TRIGRS uses a modified ver-
original and the probabilistic simulations for two study areas:sion of the analytical solutions of EcR)(proposed byver-
Mukilteo, USA, and Frontignano, Italy (Se®&). Results are  son(2000, for short-term and for long-term rainfall periods.

where the internal friction angle¢, the cohesior, and the
soil unit weightys describe the material propertieg, is the
groundwater unit weightj is the angle of the planar slope,
and is the pressure head (Figb, see TabléAl). Failure

@)
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498 S. Raia et al.: Improving landslide modeling

Again, the modification consists chiefly in the possibility of wherelz T is the steady surface flux, which can be approx-

using a complex rainfall historyBaum et al, 2008. To lin- imated by the average precipitation rate necessary to main-
earize Eq. 2), lverson(2000 adopted a normalization crite- tain the initial conditions in the days to months preceding
rion using a length scale ratio as follows: an event Baum et al, 2010. When a solution of Eq.§) is
obtained, the pore-pressure headan be calculated by in-
dffo/Do dip version of Eq. 2). Solutions of Eq. §) with the boundary
€= /Do ~ JA' () conditions listed in EQ.1(0) are given in Appendix A1.

TRIGRS implements a simple surface runoff routing
whereDy is the maximum hydraulic diffusivityd is the con- ~ scheme to disperse the excess water from the grid cells
tributing area that affects hydraulic pressure at the potentiawhere rainfall intensity exceeds the local infiltration capacity
failure plane deptld, anddfzp/Do andA/Dg are the mini-  (Hillel, 1982 Baum et al.2008.

mum time required for slope—normaileg/Do) and for slope-
lateral (A/Dg) pore-pressure transmission (see TahlB.

Under the conditiore <« 1, simplification of Eq. 2) gives |, oyr extension of the TRIGRS code, we use the same model

2.2 Probabilistic approach: the TRIGRS-P code

(Iverson 2000 and equations as in the original code. The innovation consists
9T dy A of using probability distributions to model the slope material

Fyrs K*(y) ( Py —z*)} =0, fort > e (4) and hydrological properties, that is, the values of the input
L N 0 parameters. The geometry of the slopgdnd the position

and of the sliding planeds) remain unchanged. The model pa-

) rameters appearing in the equations described in 3dctre
9 K IPx )= C(y) oY= Cfor 1 < i 5) replaced by functions of random numbers, that is,
az* | az* Co Ot* Do

¢ = c(&), cohesion

wherey* =y /dp, t* =1D/A , andz* = z/ /drp. ¢ = ¢ (&), angle of internal friction

For unsaturated conditions, the code uses a modified — y(&,). soil unit weight
version of the analytical solution of Eq2)( proposed by Vs =Visy), ] 9 o
Srivastava and YeliL991), for the case of one-dimensional, Po = Do(ép,), hydraulic diffusivity,
transient, vertical infiltration. The modification consists in Ks= Ks(£k,), saturated hydraulic conductivity
the use of a variable rainfall history (intensity, duration), g, = 6;(&,). residual water content
allowing modeling of complex rainfall patterndBgum
et al, 2008. Equation R) was linearized irSrivastava and i . ) ]
Yeh (1991, who adopted the following exponential model @ = @(x), inverse height of capillary fringe (11)
(Gardner1958:

0s = 6s(&p,), saturated water content

whereg; is a random number, with the subscriptsed to
specify a different parameted; for cohesiong, for friction,
- etc., so that the parameters can be varied independently from
6 =6 + (6s— 6) eV, (7) each other. Replacing the parameters listed in E#). ito

Egs. @), (2), (4), (5), and B8), we obtain a system of equa-
where K is the saturated hydraulic conductivity, is the  tions that are initialized with a different, randomly chosen set
residual water contents is the saturated water content, and of parameters at each run of TRIGRS-P. The solution of the
v =Y — Yo, Yo=—1/a is a constant, withx the inverse  various scenarios for saturated or unsaturated conditions are
of the vertical height of the capillary fringe above the water performed in the very same way as in TRIGRS. The depth to
table Savage et 812003 2004. Substitution of Eq.7) into  the potential sliding plangs, was assumed to coincide with

K. (y)= Kse®V ; (6)

Eq. (2) leads to the partial differential equation: the soil depth, and was estimated ®Gpdt et al.(2008 and
5 Baum et al(2010 using variations of the models proposed
a(0s—0n) IK _ K aa_K. 8) by DeRosg1996 and bySalciarini et al(2006. Additional
Ks ot 9z2 0z choices for initial conditions and corresponding sources of

uncertainties will be discussed in the following.
. We have implemented two probability density functions
(pdf) for generating the modeling parameters: (i) the nor-
mal distribution functionN, and (ii) the uniform distri-
bution functioni{. If & is a standard normally distributed
K(z.0) = Iy1 — [IZLT _ Kseal//o]e—ﬂlz; 9) variable J\/(O,;) with Teané = 0 and stan_dard devia'Fion
o =1, the variablex =X + o,.& is normally distributed with
meanx and standard deviatian,., NV (x, o,). Similarly, if &

Equation B) is a linear diffusion equation for which analyti-
cal solutions can be obtained using the Laplace, the Fourie
or the Green’s function method&dvorkian 1991, once
boundary conditions are specified, for example,

K(0,1) = Kge®¥o, (10)

Geosci. Model Dev., 7, 49544, 2014 www.geosci-model-dev.net/7/495/2014/
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is standard uniformly distributety (0, 1), the variabley =

va + (vp — ya)€ is uniformly distributed in the rande,, y»1,
U(ya, yp). The advantage of using these expansions is that
their deterministic limits are obtained fer, — 0 and for
A=yp—y, — 0.

In this work, we calculated the stability conditions in the
modeling domain for a given set of variables describing the
slope materials propertie® (c, ys, Ks, Do, 6r, 6s) obtained
by sampling randomly from the uniform distribution only.
There is a conceptual difference between the two distribu-
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tions for distributed landslide probabilistic modeling. Adop-
tion of the Gaussian distribution requires that the investiga-
tor has determined (e.qg., through sufficient field tests or lab-
oratory experiments) the uncertainty and measuring errors}
associated with the parameters. The mean and the standal
deviation of the Gaussian distribution define unambiguously
the uncertainty. Use of the uniform distribution implies that
the investigator only knows the possible (or probable) range
of variation of the parameters, ignoring the internal struc-
ture of the uncertainty. We consider the Gaussian distribu-
tion more appropriate to predict rainfall-induced landslides
in small areas where sufficient field and laboratory tests were
performed to characterize the physical properties of the ge-
ological materials, and the uniform distribution best suited Fig. 2. The location of the Mukilteo study area, near Seattle, WA,
in the investigation of large areas where information on theUSA.

geo-hydrological properties is limited. Further, we consider

use of the Gaussian distribution best suited to investigate how

errors in the parameters propagate and affect the modeling ré8.1  Mukilteo study area

sults, provided that the errors are known. Conversely, use of

the uniform distribution allows for investigating how the un- The three square kilometer study area is located along the
certainty in the model parameters affects the model resultseastern side of the Puget Sound, about 15 km north of Seattle,
The sensitivity of the extended model to the random varia-WA, USA (Fig. 2). In this area, rainfall is the primary trig-
tion of model parameters has been explored by running 1@er of landslides. Slope failures are typically shallow (less
independent simulations, each with a different set of inputthan three meters thick), and involve the sandy colluvium
parameters while keeping unchanged, and equal to the ruand the weathered glacial deposits mantling the coastal bluffs
performed with the original fixed-input TRIGRS model, the (Galster and Lapradel99L Baum et al. 2000. The cli-
terrain morphologyq) and rainfall history. mate of the Seattle area is characterized by a pronounced
seasonal precipitation regime with a winter maximum, and
three-fourths of the annual precipitation falling from Novem-
ber to April (Church 1974. Storms that trigger shallow land-
slides in Seattle are generally of long duration (more than
24 h) and of moderate intensitg0dt et al, 2006. Three ge-
ological units crop out in the are®l{nard, 2000 (Fig. 3a) in-

We tested the performance of the new probabilistic versioncluding, from older to younger: (i) transition sediments, com-
of the numerical code, TRIGRS-PQ® against the original prising the Lawton Clay (Qtb); (ii) advance outwash sand
TRIGRS code, version 2.B&um et al, 20098, in two study  (Qva); and (iii) glacial till (Qvt). The mechanical and hy-
areas. The first test was conducted in the Mukilteo study areajrological properties of the materials in the three geologi-
near Seattle, WA, USA (Fi@). This is the same geograph- cal units are known through field tests and laboratory experi-
ical area wheregsodt et al.(2008 and Baum et al.(2010 ments [u et al, 2006 Godt et al, 2006 2008, and are sum-
demonstrated the use of TRIGRS in a broad geographicamarized in Tabldl.

setting. The second test was performed in the Frontignano

study area, Perugia, ltaly (Fi@). This is part of the Col- 3.1.1 Predictions with the deterministic approach

lazzone geographical area whebezzetti et al.(2006a b)

have investigated the hazard posed by shallow landslides ug-or modeling purposes, the topography of the area was de-
ing multivariate classification methods. scribed by a 6fk 6ft (1.83mx 1.83 m) DEM obtained

. - 47°40

3 Deterministic vs. probabilistic approach
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Table 1. Geotechnical parameters for the geological units cropping
out in the Mukilteo area (Fig3a). c: cohesion;Dq: hydraulic dif-
fusivity; Ks: saturated hydraulic conductivitys: saturated water
content;6: residual water contenty: inverse of capillary fringe.
The friction anglep has a common value of 33.6or the three ge-
ological units; units definitions are 1: Qtb; 2: Qva; 3: Qvt.

Unit ¢ Do Ks Os Or o
[kPa] [mPs Y [ms - - my

1 3.0 38x1074 1.0x10% 040 006 10
3.0 50x10°%® 1.0x10°7 040 010 2
3 8.0 83x10% 10x10® 045 010 5

N

through airborne laser-swath mappinglaigerud et aJ.
2003. Initial conditions for infiltration were prescribed as
zero pressure head at the depth of the lower boundary of col-
luvium. This is in agreement with field observatioma(m
et al, 2005 Schulz 2007 Godt et al, 2008. A constant
rainfall intensity 7 = 4.5mmh ! for a period of 28h was
used to force slope instability, for a cumulative event rainfall ¢
E =126 mm. The adopted rainfall history represents a lim-
ited case of the rainfall intensity—duration conditions that )
have resulted in landslides in the Mukilteo area in the winter “| &2 | s .

1996-1997 Godt et al, 2008 Baum et al. 2010. Figure3

shows the results of the runs with deterministic input, for sat-Fig. 3. Mukilteo study area; results obtained using the original TRI-
urated (Eg4, Fig. 3b) and for unsaturated (E§, Fig. 3c) GRS code and input parameters of TahlgA) Lithology map: Qtb,
conditions. For the mechanical and hydrological propertiestransition sediments, including the Lawton Clay (1 in TabieQva,

of the geological materialg( ¢, ys, Ks, Do, 6;, 6s) we con- advance outwash sand (2 in Tatt)e Qvt, glacial till (3 in Tablel).
sidered the values listed in Tadle (B) Factor of safetyFs obtained with saturated soil conditions;

In order to test the model prediction skills, that is, the (€) F's obtained with unsaturated soil conditior() slope map;

. s (E) map of correct assignments and model errors, within the satu-
ab.lhty Qf the model tq forecast the known distribution of rated model; TP: True Positive; TN: True Negative; FP: False Pos-
ramfall—ln(_juced_ IarlldsllldesG(uzzettl et al.20063, the two itive; FN: False Negative(F) as in(E), for the unsaturated model.
geographical distributions of the factor of safefly were  gj;cx polygons show rainfall-induced landslides.
compared to a landslide inventory showing slope failures
triggered by rainfall in the winter 1996-199B4um et al,

2000 Godt et al, 2008, displayed by black lines in Fig.  computed (Tabl@), including the true positive rate (sensitiv-
For the comparison, all grid cells withs < 1 were consid- jty or hit rate) TPR= TP/(TP~+ FN), the true negative rate
ered unstable (i.e., potential landslide) cells. Fourfold plots(specificity) TNR= TN/(FP+ TN), the false positive rate (1
and maps showing the geographical distribution of the cor-_ gpecificity, or false alarm rate) FRRFP/(FP+ TN), the
rect assignments and the model errors (B@.f) are used  ccuracy ACG= (TP+TN)/(TP+ FN+ FP+TN), and the

to summarize and display the comparison. Fourfold plots argyrecision PP\&= TP/(TP+ FP) (Fawcetf 2006 Baum et al,
graphical representations of contingency tables (or confusioQOlQ.

matrices), and show the fraction (or number) of true posi-

tives (TP), true negatives (TN), false positives (FP), and false3.1.2  Predictions with the probabilistic approach

negatives (FN) Rawcetf 2006 Rossi et al. 2010. In our

analysis TP is the percentage of cells with observed landBased on the comparison of the results discussed in the pre-
slides, which are predicted as unstable by the model; simivious section, for the probabilistic modeling we used only
larly, TN is the percentage of cells without landslides pre-the unsaturated soil conditions, and we exploited the same
dicted as stable by the model. Correspondingly, FP (FN)geomorphological information (i.e., the same DEM) and the
are the percentage of predicted unstable (stable) cells withsame rainfall forcing input (i.e.,.8 mm i of rain for a 28 h

out (with) observed landslides. We will refer to both TP period) used for the previous runs. For the mechanical and
and TN as correct assignment in the following, while FP hydrological properties of the geological materiags ¢, ys,

and FN are model errors. To further quantify the perfor- Ks, Do, 6;, 6s), we considered the values listed in Talile
mance of the deterministic forecasts, different metrics wereused in the previous paragraph as fixed inputs of the model,

3
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Table 2. Estimators of model performance for saturated and unsat-
urated soil calculated with the original TRIGRS code, for the Muk- |4
ilteo study area. TPR: true positive rate; FPR: false positive rate; i
ACC: accuracy; PPV: precision. |

Modeltype TPR FPR ACC PPV

Saturated oJl1 038 063 017
Unsaturated @1 012 084 028

as mean values of uniformly distributed varialdés,, y;),
wherey, andy, are the lower and upper limits of the uni-
form distribution determining the range of variation of each
parameter. In our simulations, the range of variation of the
individual parameters has been chosen as a fraction of the
mean value of each variable. A range of variatios 0.01,
0.10 and 1.00 correspond to a variation of 1%, 10% and"
100 % around the mean value of the variable, respectively.
Note that the case with = 0.01 allows the various input pa- ¢
rameters to vary in a very limited range, and it can be seen
as a test of our code: the original TRIGRS results with fixed
input parameters should be obtained.

We performed two sets of runs. In the first set, the mean "™
values of the mechanical and hydrological parameters (Ta-
ble 1) were kept constant, and the range of variation of theFig. 4. Mukilteo study area. Maps showing factor of saféty ob-
individual parameters was modulated using- 0.01, 0.1, tained with the code presented in this work, TRIGRS-P, initialized
0.5, 1.0. In the second set, a fixed range of variation for thewith the same input parameters used for the same area and TRIGRS
individual parameters was selecteds= 1.0, and the mean code, in Fig.3, and with the following parameters for the random
value of the parameters was modified (shifted)by 0.2, ~ number generationA) 1 =0.01,v=10; (B) A =05, v=10;
0.4.....1.0,2.0. Note that when = 1.0, no shift of the mean () #=1.0,1=10.(D) 2=05,v=08; (E) A=05,v=09;
value is performed. In each test, the same range of varial") * =0-5 v =1.1. We performed 16 runs for each set of param-
tion A and the same shift of the mean valuevere applied eters. Black p_olygons _s_how rainfall-induced landslides; the insets

. it show the spatial variability of the factor of safety.
to all the parameters. The simplification was adopted to re-
duce the time required to perform multiple runs. The results
are shown in Fig4: (i) for the first set of runs, that is, for
fixed mean values of the model parameters and changing-1.3 Analysis and discussion
ranges of variation of the individual parametekss= 0.01
(Fig. 4a), » = 0.5 (Fig. 4b), andx = 1.0 (Fig. 4c); and (ii) Inspection of the results of the deterministic (F3yand the
for the second set of runs, that is, for a fixed range of vari-probabilistic (Figs.4 and5) models, and of their forecast-
ation . = 1.0, and shifting the mean value of the model pa- ing skills (Fig. 6, Tables2—4), allows for general consider-
rameters by = 0.8 (Fig.4d), v = 0.9 (Fig.4e), andv = 1.1 ations. Figures shows a Receiver Operating Characteristics
(Fig. 4e). For the second set of runs, results obtained for(ROC) plot Fawcett 2006, defined by the false alarm rate
v < 0.8 and forv > 1.1 are not shown in Figd. Forv < 0.8 FPR and the hit rate TPR, plotted on thandy axes, respec-
the number of unconditionally unstable cells was unrealisti-tively. In the ROC space, a point located in the upper left cor-
cally large, and for > 1.1 the model performance decreased ner represents a perfect prediction (TRR and FPR=0),
rapidly (see next paragraph). We used 16 runs for each segnd points along the diagonal line for which TRRFPR
resulting in 16 different maps of the factor of safety, which represent random predictions. An acceptable prediction re-
were used to evaluate the performance of the probabilistiqquires TPRFPR> 1 (Fawcetf 2006. In Fig. 6, two sep-
approach. The results are shown in FgFor the same runs arate points show the predictive performance of the two
of Fig. 4, the maps show the geographical distribution of theruns with deterministic inputs, for saturated (F&p) and
correct assignments (TP, TN), the model errors (FP, FN), andor unsaturated (Fig3c) conditions each of them producing
the corresponding fourfold plots. Tabldsnd4 list metrics  a single pair FPR-TPR and a unique geographical distribu-
that quantify the performance of the probabilistic approach. tion of the factor of safetyFs. Analysis of Figs.3 and 6,

Factor of safety, Fs I
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Table 3. Estimators of model performance of the results obtained
with the TRIGRS-P code in the Mukilteo study area. In this case we
change the ranges of variation of the model parametexgth fixed
mean values of the model parameters 1.0. TPR: true positive
rate; FPR: false positive rate; ACC: accuracy; PPV: precision; AUC:
area under the ROC curve.

A TPR FPR ACC PPV AUC

001 041 011 084 029 065
010 041 011 084 029 Q70
050 040 012 083 028 073
075 034 011 083 026 071
100 009 o004 087 022 067

Table 4. As in Table 3, but with fixed ranges of variation of the
model parameters, and with varying the mean values of the model
parameters, for the Mukilteo area.

v TPR FPR ACC PPV AUC

08 077 046 056 016 073
09 057 023 075 022 Q73
10 040 012 083 027 073
11 023 006 087 031 Q72

1217000 1219000 000 1219000 1217000

Fig. 5. Maps of correct assignments and model errors in the Mukil-

teo study area, obtained with the TRIGRS-P code with different sets
and of Table2 indicates that the model prepared consider-of random input parameteréA) A =0.01, v =1.0; (B) A =0.5,
ing the soil unsaturated conditions (FBg) performed bet- v=10;(C) A=10,v=10.(D) A=05,v=08; (E) A =05,
ter than the model prepared considering saturated conditions= 0.9; (F) + =0.5, v = 1.1. TP: true positive; TN: true negative;
(Fig. 3b). The larger value of the TPRPR ratio is a mea- FP: falsg pos.itive; FN: false. neggtive. In all maps, black polygons
sure of the better predicting performance of the unsaturate§noW rainfall-induced landslides in the study area.
model (TPRFPR= 3.46, Fig.6), compared to the saturated
model (TPRFPR= 1.87, Fig.3), despite a lower TPR value
(TPR=0.42 vs. TPR=0.71, Table2). This is in agreement unsaturated deterministic model (Figg). This is a signif-
with previous work ofGodt et al.(2008 andBaum et al.  icant result, confirming that treating the uncertainty asso-
(2010. ciated with the model parameters with a probabilistic ap-

Within the two deterministic models, the one using the un- proach has not significantly changed the model results, which

saturated soil conditions (Figc, f) performed better than the have remained consistent. Availability of multiple model out-
model that used the saturated soil conditions (Blige). The  puts for each run allowed preparing ROC curves to measure
saturated model predicted a significantly larger fraction ofquantitatively the predictive performance of the probabilis-
the study area as unstable, mainly where the terrain gradieritc models Fawcetf 200§. Since multiple values of’s are
exceeded 15 This resulted in a considerably larger number available for each pixel in the modeling domain, we can cal-
of true positives (TP: 7.1 % vs. 4.1 %), but also a significantly culate the frequency of stability condition of each pixel. We
larger number of false positives (FP: 33.8 % vs. 10.4 %) andattribute to this frequency the meaning of a probability and
a correspondingly significantly lower number of true nega-compare it with a given threshold. Modulation of the classi-
tives (TN: 56.1 % vs. 79.5%). In other words, the saturatedfication threshold allows us to obtain different FPR and TPR
deterministic model (Fig3b) was more pessimistic than the values, which can be used to construct a ROC curaa/Cetf
unsaturated deterministic model (F@g). This is well rep-  2006. In Fig. 6 two sets of ROC curves are shown using
resented in Fig6, where a reduction of the false positive different colors. The red curves show the performances of
rate from 0.38 to 0.12 results in a reduction of the hit ratethe first set of runs, fok = 0.01, A = 0.5, andi = 1.0, with
from 0.71 to 0.41 (Tabl@). The subsequent runs with proba- v = 1.0, and the blue curves show the performances of the
bilistic input were obtained assuming unsaturated soil wateisecond set of runs, for=0.8, v = 0.9, andv = 1.1, with
conditions. The results of the unsaturated probabilistic mod-. = 0.5. To construct the ROC curves, several probability
els (Fig.4) were similar to the results of the corresponding thresholds were used, from 0.1 to 0.9 by 0.1 steps. The area
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Fig. 6. The results of simulations for the Mukilteo study area, pre-
sented using ROC curves. The grey square and circle represent the
results obtained using the original TRIGRS code with saturated and
unsaturated initial conditions, respectively (Falp, c); the curves
correspond to the results obtained with the TRIGRS-P code, using
the variability of input parameters shown in the inset as described
in the text (Figs4 and5). 285000 290000 295000

Fig. 7. Map showing location of the Frontignano study area, Um-
bria, central Italy. The area is located inside the larger Collazzone
under the ROC curve AUC is taken as a quantitative mea-area Guzzetti et al.2006a b).
sure of the performance of the classification. If AE®.5,
a classification is poor and indistinguishable from a random
classification, whereas a perfect classification has AUC  showed a positive correlation with the range of variation in
(Fawcett 2006 Rossi et al.2010). the model parameters.

Inspection of Figs5 and6, and of Table3, suggests that In the probabilistic runs, a positive correlation was ob-
an increase in the range of variation of the model param-served between the range of variatibrand the fraction of
eters (fromh = 0.01 to A = 1.0), corresponding to a signifi- unconditionally unstable cells, that is, the grid cells that have
cantly larger degree of uncertainty in the parameters, resulted's < 1 even in dry conditions when no rainfall is increasing
in similar individual performance indices, but significantly pore-pressure and slope instability. For the first set of runs,
larger values of the area under the ROC curve, AUC. In ourthe fraction of unconditionally unstable cells was 0% for
experiment, the increase in the range of variation changed. = 0.01, 03 % for » = 0.5, and 07 % for » = 1.0. More-
the performance index from AUE 0.65 (for . = 0.01) to over, a negative correlation was observed betwegthe
AUC = 0.73 (for » = 0.5), with an increase of performance width of shift in the mean value of the modeling parame-
of 16 %. A further increase of the range of variatiomte- ters, and the fraction of unconditionally unstable cells. For
1.0, a possibly unrealistic range of variation for some of thethe second set of runs, the fraction of unconditionally unsta-
modeling parameters, has resulted in a value of ALIC67, ble cells was less than®% for v > 0.8, and was 0 % for
decreasing the model performance. Modulation of the mean > 1.0, independent of the range of variation of the param-
value of the parameters, using= 0.8,v = 0.9, andv = 1.1, eters.
resulted in better results (larger AUC values)fct 0.5 than
for A = 0.01. Moreover, the TPR, FPR, PPV and ACC met- 3.2 Frontignano study area
rics did not change significantly when the range of variation
A of the model parameters were modified, and remained simThe Frontignano area is located in central Umbria, Italy,
ilar to the values obtained with the deterministic models, forabout 25 km south of Perugia, in the Collazzone area {#ig.

A < 0.5. We conclude that, in the Mukilteo study area, theseln this area, landslides are caused primarily by rainfall and
metrics are not sensitive to introduction of the probabilis- rapid snowmeltCardinali et al.200Q Guzzetti et al.2006a
tic determination of the model parameters. Second, the AU; Fiorucci et al, 2011). Multiple deep-seated and shallow
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3.2.1 Predictions with the deterministic approach

For modeling purposes, the topography of the Frontignano
study area was described by a 5«% m DEM obtained in-
terpolating 5m contour lines shown on 10 000 scale to-
pographic base map&(zzetti et al.2006a b). Slope in the
area ranges from°Go 62, with an average value of 1@&nd
a standard deviation of 3Fig. 8d). The mechanical and
] - Y hydrological properties of the five soil types cropping out in
deiiﬁ“&Egyd s st ast Farof sy, s the area (F_lgBa) were determined throggh laboratory tests
. T j and searching the literature (see, &pafiee 2008 Feda et
al., 1995 Lade 201Q and references therein) on the geotech-
nical propertiesd, ¢, vs, Ks, Do, 6r, 6s) of the same or sim-
ilar sediments in Umbria, Italy (listed in Tab$. As for the
Mukilteo area, the depth to the hypothetical sliding plape
was assumed to coincide with the soil depth, which was esti-
mated using the model proposed DgRosg(1996. To cal-
ibrate the soil depth model, we exploited field observations
indicating that the depth of the shallow landslides in the study
area isdsp, < 3 m, and that shallow landslides are most abun-
y dant where terrain gradient is in the range<7§ < 20°. Ini-
ﬂ? tial depth to the water table was set to a fraction of the depth
T to the failure planedy, = 0.85ds,. Since the depth of the wa-
Fig. 8. As in Fig. 3, but for the Frontignano study area. The results ter table is an important initial condition for the model, we
have been obtained using the original TRIGRS code with input pa-decided to use a long rainfall period, starting from an almost
rameters listed in Table (A) Lithological map: sand (1in TabE);  dry initial condition and reaching a realistic depth of the wa-
clay (2 in Table5); flysch deposits (3 in Tablg); gravel, sand, silt,  ter table during the storm. We further decided not to set the
and clay (4 in Tablé); sand, silt, and clay (5 in Tabl. (B) Factor \yater taple to the maximum soil depth to consider the fact
Of. safety_F s Obtained W'th.satura.t?d soil condition§;) Fs ob- that the simulation is intended to be representative of typical
tained with unsaturated soil condition{®) slope map(E) map of - . . -
X y;vmter condltlong, when Iandshdes occur in both study areas,
TP: true positive; TN: true negative; FP: false positive; FN: false &1d When the soil always contains some amount of water. We
negative;(F) as in(E), for the unsaturated model. Black polygons tested different rainfall histories, and adopted a forcing rain-
show rainfall-induced landslides. fall that produced shallow landslides in the area in the periods
January—May 2004, October-December 2004, and October—
December 2005Guzzetti et al.2009 Fiorucci et al, 20117).
slides were identified in the area through the visual interpre-Speciﬁca”y’ we used a rainfall history Composed of a 4-
tation of multiple sets of aerial photographs and very-highweek initial rainfall period characterized by a constant mean
resolution satellite images, and field surveys. rainfall intensity/ = 0.36 mm h1, for a cumulative rainfall
The shallow failures are typically less than three metersg = 242 mm, followed by a 60 min rainfall period character-
thick, and involve the soil and the colluvium mantling the jzed by a high rainfall intensity = 90 mm b2, for a cumu-
slopes. Soils range in thickness from a few decimeters tQative rainfall E = 90 mm. Results for the saturated (E&).
more than one meter, they have a fine to medium texture, andnd the unsaturated (Ea) mode"ng conditions are shown
exhibit a xeric moisture regime, typical of the Mediterraneanin Fig. 8b and c, respectively.
climate. In central Umbria, precipitation is most abundantin  To test the model performance, the geographical distribu-
October and November, with a mean annual rainfall in thetion of the factor of safetyFs predicted by TRIGRS were
period 1921-2001 exceeding 850 mm. In the study area, tefcompared to the known distribution of rainfall-induced land-
rain is hilly, and the lithology and the altitude of bedding slides mapped in the same area in the periods January to
planes control the morphology of the slopes. Gravel, sandMay 2004, October to December 2004, and October to De-
clay, travertine, layered sandstone and marl, and thinly laytember 2005. The landslides were mapped through recon-
ered limestone crop out in the are@afdinali et al, 2000 najssance fieldwork and the visual interpretation of high-
Guzzetti et al.2006a b). resolution satellite imagesG{zzetti et al. 2009 Fiorucci
et al, 2011), and are shown with black lines in Fi§. For
the comparison, all grid cells witl's < 1 were considered
unstable (i.e., landslide) cells. As for the Mukilteo test case,
fourfold plots (Fig.8e, f) and derived metrics (Table),
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288500 289500 200500

289500 200500

Table 5. Geotechnical parameters for the geological units cropping
out in the Frontignano study area (F&a). c: cohesiong: friction
angle;Dg: hydraulic diffusivity; K : saturated hydraulic conductiv-
ity; 0s: saturated water contemt; residual water contend: inverse

of capillary fringe. Geological units: 1: sand; 2: clay; 3: flysch de-
posits; 4: gravel, sand, silt, and clay; 5: sand, silt, and clay. '

Unit c ¢ Do Ks Os 6r o

[kPa] [deg] [nPs™]  [ms7Y - - [m
1 30 31 38x10% 10x107* 020 005 2 i AL P .
2 40 18 50x10% 10x107 080 007 5
3 500 25 83x106 10x106 o045 01 5 L :
4 150 30 40x10% 10x10% 045 01 5
5 30 15 47x103 10x10% 050 01 1

Table 6.As in Table2, but for the Frontignano area.

Modeltype TPR FPR ACC PPV y :
Saturated @2 025 075 002 - = s ' 55 L
Unsaturated (18 013 086 002 Factor of safety, Fs i

Fig. 9. Frontignano study area. Maps of the factor of safétyob-
tained within the probabilistic approach of TRIGRS-P, with the fol-
. . . lowing values of range of variation of input parametdis) 1 =
ROC plots (Fig.11), and maps showing the geographical 0.01,v = 1.0 (B) A = 0.75,v = 1.0; (C) A = 1.0, v = 1.0. (D) A =
distribution of the correct assignments and the model errorg 75 ,, — 0.8; (E) » = 0.75,v = 0.9; (D) = 0.75,v = 1.1. We per-
(Fig. 8e, f) were used to summarize and measure the compaformed 16 runs for each set of parameters. In all maps, black poly-
Ison. gons show rainfall-induced landslides in the study area.
Inspection of Figs8 and11, and analysis of Tabl, sug-
gests that the saturated and the unsaturated models produce
very similar results. This is different from the result obtained (Fig. 9e), andv = 1.1 (Fig. 9f). As in the previous case,
in the Mukilteo area, where the unsaturated model performed. = 0.01 corresponds to a very small range of variability of
better than the saturated model. In the Frontignano area, théne parameters, and provides the same resultsv EoL.0,
unsaturated model (Fi@c) resulted in a better forecasting no shift in the mean values of the model parameters is per-
accuracy (ACC, 0.86 vs. 0.75), but in a reduced TPR to FPRiormed. The degree of accuracy of the two sets of runs for
ratio (1.4 vs. 1.7). We maintain that the model prepared conthe Frontignano area is shown in Fid), for the same mod-
sidering the saturated conditions (Félp) performed slightly  els shown in Fig9. The maps show the geographical distri-
better than the model obtained considering the unsaturateHution of the correct assignments (TP, TN), the model errors
conditions (Fig8c). (FP, FN), and the corresponding fourfold plots. Taesd
8 list metrics that quantify the performance of the runs. The
performance of the probabilistic models is further analysed
in Fig. 11 by two sets of ROC curves, shown using different
The mechanical and hydrological properties of the geologicakolours; red curves for the case of variable raagand blue

3.2.2 Predictions with the probabilistic approach

materials é, ¢, ys, Ks, Do, 6r, 0s) in the Frontignano study
area were chosen as listed in Tabléalso used as input of

curves for the case of a variable meanin the same plot,
the grey circle shows the predicting performance of the sat-

the original TRIGRS model, in the previous paragraph) asyrated model (Figgb), and the grey square the performance

mean values of uniformly distributed variablésy,, ;). To

of the unsaturated model (Figc) both run with fixed input

be consistent with the approach adopted in Mukilteo, we perparameters.
formed two sets of parametric analyses, varying the rakge (
and the mean value) of the model parameters. The maps 3.2.3 Analysis and discussion

in Fig. 9 show the factor of safety’s calculated for (i) fixed
mean values of the model parameters- 1.0, and chang-
ing ranges of variation of the individual parameters; 0.01
(Fig. 9a), » = 0.75 (Fig.9b), andi = 1.0 (Fig. 9c); and (ii)
a fixed range of variation = 0.75, and shifting the mean
value of the model parameters by= 0.8 (Fig.9d), v = 0.9

www.geosci-model-dev.net/7/495/2014/

Inspection of the results of the fixed input runs (FR8y.the
runs with input parameter sampled from a suitable probabil-
ity distribution (Figs.9 and10), and of their ability to fore-
cast the spatial distribution of known landslides (Hid). Ta-
bles6-8) allows for considerations that are similar to those
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Fig. 11. Frontignano study area; ROC plots corresponding to the
runs with fixed input parameters (Figb, c) and with the proba-

FISPRs Tl I B bilistic approach with random input parameters (Fjand10).

Fig. 10. Frontignano study area. Maps of the factor of correct as-

signments and model error obtained within the probabilistic ap-Table 7.As in Table3, but for the Frontignano area.

proach of TRIGRS-P, with the following values of range of variation

of input parametergA) A =0.01,v =1.0; (B) A =0.75,v = 1.0; A TPR FPR ACC PPV AUC

(C)A=10,v=1.0.(D) . =0.75,v=0.8; (E) A = 0.75,v = 0.9;

(D) » =0.75, v=1.1. TP: true positive; TN: true negative; FP: 001 Q42 025 Q75 Q03 059

false positive; FN: false negative. In all maps, black polygons show 010 041 025 475 Q03 Q60

rainfall-induced landslides in the study area. 050 037 022 077 Q03 064
075 027 017 083 003 064

100 005 004 095 002 063

discussed for the Mukilteo study area (see Sect. 3.1.3), with

a few differences. In the Frontignano area, the saturated and

the unsaturated models provided nearly equivalent results, = 0.75). In the Frontignano area, despite a lower “abso-
with the saturated model considered marginally superior pridute” performance (i.e., when compared to Mukilteo), adop-
marily because of the reduced value of the TPR to FPR ratiotion of a probabilistic approach improved the spatial fore-
From a statistical point of view, given the reduced fraction casting skills. Again, taking AUC as a metric to compare the
of landslide area in Frontignano.fgl%) compared to Muk- models, values of this metric increased from AE®.59
ilteo (4.2 %), the spatial prediction of landslides in Frontig- (for v =1.0 andA =0.01) to AUC=0.65 (for v=0.8 or
nano was more difficult than in Mukilteo. From a physical 0.9 andi = 0.75). This is a non-negligible improvement of
point of view, modeling the stability conditions in low gra- about 10 %. The result confirms that adoption of a probabilis-
dient terrain is very sensitive to the initial conditions, which tic framework to the distributed modeling of shallow land-
are uncertain and difficult to determine spatially. The runsslides results in improved spatial forecasts.

with variable input parameters confirm the slightly poorer The result further corroborates the finding that model-
geographical predictive performance of the adopted physiing the natural uncertainty (and poor understanding) of the
cal framework in Frontignano, compared to Mukilteo (Ta- mechanical and hydrological variables results in better spa-
bles3 and4 vs. Tables7 and8). Taking the area under the tial landslide predictions of the locations of rainfall-induced
ROC curve (AUC) as the metric to compare the models, ondandslides (see insets in Fig). First, the TPR, FPR, PPV,
can readily see that runs for the Mukilteo area resulted inand AUC metrics did not change significantly when the range
0.65< AUC < 0.73, and for the Frontignano area exhibited of variation of the model parameters was changed. These
0.59 < AUC < 0.65. In other words, the “worst” result for metrics remained similar to the values obtained with the
Mukilteo (AUC = 0.65, for v =1.0 andx = 0.01) has the fixed input model, confirming that they are not sensitive to
same overall spatial predictive performance of the “best” re-differences between probabilistic framework runs with ran-
sult for Frontignano (AUG=0.65, forv=0.8 or 0.9 and dom variations of parameters and runs with fixed parameters.

Geosci. Model Dev., 7, 49544, 2014 www.geosci-model-dev.net/7/495/2014/
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Table 8. As in Table4, but for the Frontignano area.

v TPR FPR ACC PPV AUC

08 057 037 063 002 065
09 044 027 072 002 064
10 027 017 083 003 064
11 010 006 092 002 064

Second, the area under the ROC curve AUC confirmed its
positive correlation with the range of variation in the model
parameters, in support of the probabilistic approach. Third,
the positive correlation between the range of variatiand

the fraction of unconditionally unstable cells, and the neg-
ative correlation between the shift in the mean value of the
modeling parameters and the fraction of unconditionally
unstable cells, were both confirmed.

4 Discussion

Our probabilistic approach to the distributed modeling of Faclor of sfety, Fs gl 808 10 11 1213 14 1.5 St o, .25 080 0.75 1.00
shallow landslides proved effective in the two study areas
where it was tested (Fig& and7). In both areas, the maps Fig. 12.Maps showing the minimum (left column), maximum (cen-
showing the geographical distribution of the factor of safetyter column), and standard deviation (right column) of the factor of
Fs obtained using TRIGRS-P were better predictors of thesafety Fg for the set of 16 simulation runs using the TRIGRS-P
distributions of known rainfall-induced landslides than the code. Maps are shown for the Mukilteo (upper row) and the Fron-
corresponding maps obtained adopting the original TRIGRSInano (lower row) study areas.
approach. This conclusion is supported by the indices used
to measure the forecasting skills of the different models, and
particularly the area under the ROC (AUC) (Tab&s4l for the Frontignano area (Figa). Results for other lithologi-
Mukilteo, and Tables, 7, 8 for Frontignano). The runs in cal types in the two study areas are similar. We adopted the
which we allowed a large variability of the input parameters following procedure to obtain the histograms. First, we per-
(e.g.2 =0.50 or A = 0.75) were better predictors of the ge- formed 100 probabilistic simulations to obtain a large set of
ographical distribution of known landslides than the modelsvalues of the factor of safetys, and we computed the av-
prepared using a reduced variability in the model parametergrage value of the factor of safetfg for each grid cell in
(e.g.A» =0.1) (Guzzetti et al.2006a Rossi et al.2010. This the two modeling domains. For both study areas, a value
is shown in the insets in Fid, where a portion of the results of A =0.50 (andv = 1.0) was used for the variability of
for the Mukilteo study area is shown at a larger scale. Thethe geotechnical and hydrological parameters. Next, we se-
variability of the geographical distribution of thes is also  lected three subsets of 1000 grid cells, witk s < 1.5,
shown in Fig.12 where we have plotted the minimum, the 1.5 < Fs < 3.0, andFs > 3, respectively. Finally, we used
maximum, and the standard deviation of the computed all the computed values of ths in each subset to construct
values. In particular, the map of the standard deviation prothe histograms. Inspection of the histograms reveals that for
vides quantitative and spatially distributed evidence of theFs > 3 (Fig. 13c, f) the distribution of the predicted factor
uncertainty associated with the distributed modeling of land-of safety is almost uniform and does not show a predomi-
slide instability. nant value. Instead, faFs < 1.5 the distribution of the pre-
We studied the variation of the computed factor of safety.dicted factors of safety peaks B¢ ~ 1.0 (Fig. 13a, d). For
Figure 13 shows histograms for the distribution of the val- 1.5 < Fs < 3.0, results are intermediate (Fit@b, e).
ues of the factor of safetys in selected grid cells in the In conclusion, the probabilistic approach results in a num-
Mukilteo (Fig.13a—c) and the Frontignano (Fit3d—f) study  ber of model outputs, each representing the geographical dis-
areas. For simplicity, in the figure we show the results ob-tribution of the Fs values. In this work, 16 runs were per-
tained for a single lithological type, that is, the transition sed-formed. Availability of multiple results allows for the analy-
iments (Qtb, indicated as unit 1 in Taklgin the Mukilteo  sis of the sensitivity of the model to variations in the input
area (Fig.3a), and the sand-silt—clay (unit 5 in Tal@gin parameters controlling the stability conditions. Variability
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selection of values for the different properties based on field
tests, laboratory experiments, or through a literature search
resulted in values for the considered properties that were im-
plicitly dependent. This is because, for example, cohesion,
angle of internal friction, soil unit weight, and hydraulic con-
ductivity depend one upon the other. Furthermore, no spa-
tial correlation of the individual variables was considered in
the modeling. This was also a simplification, because spa-
tial correlation exists between the geo-hydrological proper-
ties (e.g.Rodriguez-lturbe et gl1999 Western et a).2004).
Adoption of the uniform distribution to determine the possi-
ble range of variation of the individual parameters, combined
with the accepted modeling simplifications, has resulted in
more “extreme” results, but not in unrealistic results.

Results of our approach were obtained adopting the uni-
form distribution to describe the uncertainty associated with
the geo-hydrological parameters. TRIGRS-P allows for the
use of the Gaussian and the uniform distributions. In the runs
presented in this work, we explored only part of the variabil-
ity associated with the physical model describing slope insta-
bility forced by rainfall infiltration (Fig.1b), and specifically
the variability associated with the mechanical and hydrolog-
ical parameters of the materials involved in the hypotheti-
cal landslides. We did not consider the local morphological

I variability, for example, the uncertainty in the description of
o,‘r*q., o,m, the terrain given by the DEMs. Terrain gradient is an im-
01 ;acior“ofsa?et; lgsg 10 01 ;a;or“off’sa‘;et; ;_ESQ 1o portant parameter for the computation of the factor of safety
' ' Fs. Inspection of Eq.1) shows that variability in the terrain
Fig. 13. Histograms showing the distribution of the values of the gradients results in variability in the local stability condi-
Fs for the Mukilteo (left,A, B, C) and the Frontignano (righB, tions, measured bys. Furthermore, in our runs soil depth
E, F) study areas(A) and (D) for subsets of 1000 grid cells with was a (non-linear) function of the local slof2gRose1996
0< Fg < 1.5.(B) and(E) for subsets of 1000 grid cells with8 < Salciarini et al. 2006. Variations in the slope will result in
Fg <3.(C) and(F) for subsets of 1000 grid cells withig > 3. variations in soil thickness, and in the local stability condi-
tions. Preliminary results obtained adding a uniform random
perturbation to the DEM for the Frontignano area confirmed
depends on multiple causdddhida et al. 2011), including  the (large) sensitivity of the physically based models to the
(i) the natural variability in the geotechnical and hydrological topographic informationMlontgomery and Dietrich1994
properties of the soils, (ii) the inability of determining accu- van Westen et 812008 Tarolli et al, 2012).
rate values for the geotechnical and hydrological parameters, Rainfall history and geographical pattern also control the
and (iii) the fact that the models are simplified and do notlocal stability/instability conditions, and their temporal and
represent the natural (physical) conditions in the study area.spatial variations. For Mukilteo, we used the measured rain-

The probabilistic approach allowed the investigation of fall history that triggered shallow landslides in the winter
the combined effects of the natural variability inherent in 1996-1997. For Frontignano, we used the rainfall history that
the model parameters, and of the uncertainty associated withas resulted in shallow landslides in the winter 2004—-2005.
their definition over large areas. However, the approach canHowever, sensitivity of the models to the temporal and spa-
not separate the two causes for the variability. Also, the prob+ial variation of rainfall was not investigated, as this was not
abilistic approach cannot validate the physics in the modelithin the scope of the work. The effects of changing rainfall
better than the deterministic approach. It should be noted thatistories was investigated bdvioli et al. (2014, who ex-
in our runs with probabilistic input parameters, the geotech-amined storms of different durations and average intensities.
nical and hydrological properties were treated explicitly asThe rainfall data used in the two runs were obtained from rain
independent (uncorrelated) variables. This was a simplificagauges located in the vicinity of the study areas. The rainfall
tion. In reality, some dependence (correlation) exists betweemeasurements may not represent the exact amount of rainfall
the different geo-hydrological properties. As an example,at each grid cell in the modeling domain. We further assumed
the saturated water conteitaffects the saturated hydraulic a uniformly distributed rainfall in the geographical modeling
conductivity K5 and the hydraulic diffusivityDg. However, = domains. Runs performed in the Frontignano area adopting
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different rainfall histories (e.g.., (i) a uniform rainfall ra_te of RS g e e e L

0.36 mm It for a 4-week period, for a cumulated rainfall ™ o 1 o

E =242 mm; (i) a single rainfall event with 5 mnTHh for by s by N

24 h,E =121 mm; and (jii) intermittent 3-day rainfall peri-

ods with7 = 1.0 mm ! separated by 4-day dry periods, for

a 4-week periodE = 288 mm) revealed that the geographi- o o

cal distributions of th&'s obtained with the different rainfall e 10 10" o 7 100

histories were similar. However, the local instability condi- Ej'soxsum A 02 B’

tions (Fs < 1) were reached at different times. The difference @ ' o o ot e ot

may be significant if the model results are used in a landslide

early warning systemA(eotti, 2004 Godt et al, 2006§. We Fig. 14.Estimated memory usage (leftaxis) and execution times

did not evaluate the sensitivity of the model parameters to thdright y axis) for (A) the TRIGRS code (saturated model), 4BJ

different rainfall histories. a set of l§ runs of the_ TRIGRS-P_code, for_areas of different extent,
It should be noted that the probabilistic approach of and for grid cells of different spatial resolutions.

TRIGRS-P could be used to infer reasonable values of the

parameters describing terrain characteristics, where they are e performed. Instead, if maxFs) > ; convergence was

largely unknown, by explorl.ng a.large paranjetgr space In, reached, a larger probabilistic set was prepared, and the
a random way and comparing with known distributions of . :
! test repeated. In our two study areas, 16 simulations were
landslides. -~ ) i
; _ . : sufficient to obtain a convergence levek 0.05. This level
Adoption of a probabilistic approach with multiple runs . .
. ' . was considered adequate for the two study areas. This may
using a randomly generated different set of input parame- . L
not be the case in other areas, in significantly large areas, or

ters results in longer computer processing times. The timem areas characterized by a larger physiographical variabilit
required for a single TRIGRS-P simulation is only slightly y ger physiograp Y-

. . or simulations covering large areas, we hypothesized areas
longer than the time needed for the corresponding TRIGR{xtending between Fand 16 km? with grids of resolution

simulation, since the random variables were computed be;
. o S from 1 mx 1 m to 30 mx 30 m, and computed the memory
fore running the slope stability and infiltration model. The

time for this initial step depends on the size (in grid cells) usage and execution time for (i) a single deterministic sim-

and complexity of the modeling domain. The processing timegla:fgazﬁgzgggetaofigug?r;elﬁa?g:];nl?giﬁl (grig’ﬁéaatz(rjag)d soil
of the multiple runs required by the TRIGRS-P approach P 9

to have a statistical significance may be easily reduced bFOS?ﬁLéFLagZ"I?IQIGRS (and TRIGRS-P) model uses a cell-

exploiting the multi-core architecture of modern CPUs, just . .
; . o by-cell description of the study area, and the equations de-
running simultaneously multiple instances of the TRIGRS-P_7 . , .
scribing the stability of each cell are independent from the

code initialised with different sets of parameters. Since our eighboring cells behavior, the code is most suited for a par-

aim is to eventually use the TRIGRS as a region-wide and' &9 . : ; .
; : . . . allel implementation using MPI libraries. We performed pre-
possibly nation-wide early warning system, we give an es-,

. . . : liminary simulations, showing that a significant speed-up
tlmaFe of the cpmputmg resources reqw.red. Using the same(\: 1/N, with N the number of processing elements used)
spatial resolution, a larger area will require a larger Processe_ “ve obtained for the computing-intensive portions of the
ing time, with the time increasing linearly with the number of

grid cells. The time required for a simulation depends also onCOde' One problem associated with significantly large areas

. . . . Is the use of memory. In a truly parallel implementation of
rainfall history. A more complex history (i.e., a shorter step . .
. ) . . . the code, each computing element or core should load into
between two subsequent inputs of rainfall intensity) will re- . : L
. Lo e 4 .~ memory only the portion of data relevant to its task, which is
sult in a longer processing time, with time increasing with

the square of the time steps. Finally, processing time de_currently notimplemented.

pends on the type of hydrological model used, with the sat-
urated model requiring roughly half the time of the unsatu-5 Conclusions
rated model.

When using the probabilistic approach, we adopted a stratWe prepared a probabilistic version of the transient rainfall
egy based on a convergence levelFirst, we computed two infiltration and grid-based regional slope-stability analysis
probabilistic sets withh andm > n simulations. Next, for code, TRIGRSBaum et al.2002 2008, and tested the new
the two independent sets and for each grid cell, we com-code TRIGRS-P in two study areas: Mukilteo, near Seattle,
puted the mean of the factor of safefs. Then, we ob- USA, and Frontignano, near Perugia, Italy. The tests suggest
tained the difference of the mean values of the factor of safetythat the runs initialized with random values of the input pa-
AF s for each cell, and we identified the maximum value of rameters, generated according to proper probability distribu-
max(AFs) in the modeling domain. If max\ Fs) < 5, the tion functions, were better predictors of the spatial location
convergence level was reached and no additional simulationef rainfall-induced shallow landslides than the corresponding
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original TRIGRS runs. This was measured by different met-  Shilshole Bay and Everett, US Geological Survey Miscellaneous
rics used to evaluate the comparison of the spatial forecasts Field Studies Map MF-2346, scale 24 000, 2000.
of the instability conditions ¥s values) against maps show- Baum, R., Savage, W., and Godt, J.: TRIGRS — a fortran pro-
ing recent rainfall-induced landslides, in the two study areas. 9ram for transient rainfall infiltration and grid-based regional
Adoption of a probabilistic-initiated framework allowed the f/'olpj'zsiagi'ty a”ggygés’ US Geological Survey Open-file Report,
: L e . ol. , 61 pp., i

. . . logic monitoring of landslide-prone coastal bluffs near Edmonds
properties of the terrains where landslides can develop. The

o . . and Everett, Washington, US Geological Survey Open-file Re-
observed sensitivity was attributed to the combined effect of ot 42 pp., 2005.

the natural variability inherent to the geotechnical and hy-Baum, R., Savage, W., and Godt, J.: TRIGRS — a fortran program
drological properties of the slope materials, and to the fact for transient rainfall infiltration and grid-based regional slope-
that the numerical model is an approximate representation of stability analysis, version 2.0, US Geological Survey Open-file
the complex processes controlling rainfall-induced slope in- Report, Vol. 1159, 75 pp., 2008.
stability in an area. However, the probabilistic approach canBaum, R., Godt, J., and Savage, W.: Estimating the timing and lo-
not separate the two causes of variability. Probabilistic mod- ~ cation of shallow rainfall-induced landslides using a model for
eling of rainfall-induced shallow landslides requires longer tra_r.15|ent, unsaturated infiltration, J. Geophys. Res., 115, FO3013,
processing times, when compared to the corresponding deé d0|.10.1029/20093F09132201_0. ] e
terministic modeling. A parametric study proved that the ap- rqbb, E. and Harrod, B.: Lan(_jslldes. Extent and Economic Signif-
. ; . icance, A. A. Balkema Publisher, Rotterdam, 385 pp., 1989.
proach is computationally feasible even for very large areag,

2 g ’ T ardinali, M., Ardizzone, F., Galli, M., Guzzetti, F., and Reichen-
(10*km?, 10° grid cells) if a computer grid is used, and a par- bach, P.: Landslides triggered by rapid snow melting: the Decem-

allel computing strategy is adopted. We expect the proba- per 1996-January 1997 event in central Italy, in: Proceedings of

bilistic approach to improve the current capability to forecast the EGS Plinius Conference held at Maratea, 439—448, 2000.

the occurrence of rainfall-induced shallow landslides, and toChurch, P.: Some precipitation characteristics of Seattle, Weather-

facilitate the investigation of the variability of slope material ~ wise, December, 244-251, 1974.

properties over large areas. Crosta, G.: Regionalization of rainfall thresholds: an aid to landslide
hazard evaluation, Environ. Geol., 35, 131-145, 1998.

Crosta, G. B. and Frattini, P.: Distributed modelling of shallow land-
slides triggered by intense rainfall, Nat. Hazards Earth Syst. Sci.,
3, 81-93, doil0.5194/nhess-3-81-2002003.

DeRose, R.: Relationships between slope morphology, regolith
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Appendix A

Formulation of the model

In this appendix we summarize the solutions of E2) (
implemented in deterministic code TRIGRBaum et al,
2010. Approximations are given for (i) unsaturated soil con-
ditions (Srivastava and Yeh991), (ii) saturated soil condi-
tions (verson 2000, and (iii) a two-layer soil modelBRaum

et al, 2010 represented schematically in Fip.

Al Unsaturated soil

In their model for an unsaturated so8yivastava and Yeh
(1997 use relation (Eg2) to linearize Eq. 2). The explicit
solution for the hydraulic conductivity (E@), subject to the
initial and boundary conditions given by E@)(is the fol-
lowing:

a1 Z t
K(Z,t) =17 — [IZ - K ]e_al(dw—z) —4(Iz — IZLT)elT_DV’Z
] i Sin[AmOll(dw Z)]Sln(AmaldW) *AiDv,t, (Al)

m=1 1+ (dew + 2A2 aldw

wherea; = « cogs, I7 is the initial surface flux (where
the subscript LT indicates the long-term infiltration rate),

is the surface flux of a given intensity for the considered time
interval, Dy, = a1Ks/(6s — 6r) and A, are the positive roots
of the pseudoperiodic characteristic equation(tesmdy) +

2A = 0. The pressure head(Z, r) in the unsaturated zone is
obtained by inversion of the equation fra@ardner(1958,

Eq. (7):
5]

A2 Saturated soll
For wet initial conditionslverson(2000 gave an explicit so-
lution of the linearized Richards equation, for long-term and

CcoSsS

vz = S0

S

(A2)

for short-term behavior. The long-term represents the steady

component:
ZLT

I
K b

S

¥ (z) = (z —dw) [cosé - (A3)

wherez = Zcos anddyy is the depth to the water table (see

Fig. 1b). The short-term represents the transient component:

V(Z,t < T)—(Z dw)B (Ad)
2
+I—Z <ﬂ> e %f —Zerfc(Z_—)}
Ks b4 Dt
v(Z,t> T) v(Z,t < T) (A5)
_ I_Z <M> D(tZ—ZT) —7 erfc <—2>:|
Ks T Dit—-T))]
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whereT is the rainfall durationD = 4Dgco<§ is an effec-
tive hydraulic diffusivity, and erfc is the complementary error
function:

o0

2
ﬁ/e_tz dr.

X

erfc(x)=1—erf(x) = (AB)

A3  Two-layer soil model

The linearized Richards equation allows for the superposi-
tion of solutionsBaum et al(2002 have extended thiwer-

son (2000 and theSrivastava and Yeli199]) solutions to

the case of a time-varying sequence of surface fluxes with
variable intensity and duration. They also considered an un-
saturated layer of depthand depth to the top of the capillary
fringe d, (see Figlb). Solution of Eg. A1) was generalized

as follows:

N
KZ)=Y H(t—1) {lnz = [z = K e™4=2 (A7)

n=1
} +

t—tn
7

a1Z
-4z — IZLT)elTe_D

>

m=1

sin[A,a1(d — Z)]sin(A,a1d) _Asz(, )
1+ %% 4 2A201d

N
= Y HG = 1042 [z — Uz = K e™2@=2)
=1

Tt
Dy —g=

a1 Z
-4z —Int)-eZ e

>

m=1

sin[A,a1(d — Z)]sm(Amcxld)
1+ 4% 4+ 2A2and

AanDI//(t_tn+l) }
9

wherel, 7 is the surface flux of a given intensity for theth
time interval, andH (r —t,,) is the Heaviside step function.
Thelverson(2000 solutions of Egs.A4) and @A5) are gen-
eralized as

V(Z.1)=(Z~ d)ﬁ+22

[ D1t =17

nZ

VA 1
ierffc| ——— + -2 E {H(Z—tn )
|:2[D1(t - tn)]% :| } n=1 K o

ol

2[D1(t — tp41)]2

S

[Dl(t - t,1+1)%] i erfc [

with ierfc(n) = exp( n?) — nerfe(n).
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Table Al. Notation.

S. Raia et al.: Improving landslide modeling

Symbols

Description

A:
C.
C:
Co:
dw:
drp:
Do:
E:
Fs:
fsi
I:
Ky:
Ky:
K;:
Ks:
K*:

]

TR eEE RN

&

2axe

TR S e

Upslope contributing area’L

Soil cohesion, MC1 T2,

Specific moisture capacity, 1.

Moisture capacity at saturation; .

Depth to the water table, L.

Depth to the sliding plane, L.

Saturated hydraulic diffusivity, £ T—1.

Cumulated event rainfall, L.

Factor of safety [].

Average value of the factor of safety [-].

Mean rainfall intensity, L T,

Hydraulic conductivity inx direction, L T-1.

Hydraulic conductivity iny direction, L T-1.

Hydraulic conductivity inz direction, L T1

Saturated hydraulic conductivity, LR

Normalized hydraulic conductivity [-].

Number of simulations in a probabilistic set.

Time, T.

Normalized time [-].

Standard normal distribution.

Standard uniform distribution.

Normal distribution.

Uniform distribution.

Slope parallel coordinate, L.

Mean value of the generic variabte

Slope parallel coordinate, orthogonabtol.

Mean value of the generic variabjeL.

Minimum and maximum values for the generic variablé..
Slope normal coordinate, L.

Normalized slope normal coordinate [-].

Vertical coordinateZ = z/coss, L.

Parameter for fitting soil-water characteristic curvelL
Unit weight of water, MI=2 T2,

Unit weight of soil ML=2 T2,

Slope angle, corresponds to gradient of the sliding plane [-].
Ratio of length scales for slope-normal and lateral infiltration.
Volumetric water content [-].

Saturated water content [-].

Residual water content [-].

Range of the random variabje L.

Standard deviation for a normally distributed variable, L.
Standard deviation for the normally distributed variab|é.
Soil friction angle [-].

Groundwater pressure head, L.

Normalized groundwater pressure head [-].

Pressure head in Gardner’s model, L.

Generic random variable.
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