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ABSTRACT Hurricane Mitch (October 1998) was the strongest
hurricane to strike the Atlantic basin in 10 yr, but itHurricane Mitch (1998) was the deadliest storm to strike the west-
also came to be the most deadly storm in the westernern hemisphere in over 200 yr, and landslides were a significant compo-

nent of the storm impact, inflicting direct damage on steep lands and hemisphere in over 200 yr. There were more than 11 000
triggering mudslides that devastated valleys below. The stability index storm-related deaths in Central America and the Carib-
mapping (SINMAP) model was applied to a 46.1-km2 agricultural bean (McCown et al., 1998), and the lasting impact on
area in Central Honduras to predict the spatial distribution of shallow health and security in the region is inestimable (Iner-
debris slides based on the infinite slope stability model and a steady- American Development Bank [IADB], 1999). Local
state hydrology module. The region was surveyed for geology and and international aid agencies have stressed risk mitiga-
depth of bedrock, and 63 soil samples were collected on which bulk

tion as an essential component of any recovery effort,density, saturated shear strength, angle of soil friction, and saturated
including improved watershed management, vulnerabil-hydraulic conductivity were measured. A digital elevation model (DEM)
ity assessment, and environmental awareness on thewas developed from digitized elevation contours. The natural variabil-
community and institutional level (IADB, 1999). Ap-ity of soil properties was accounted for in a set of model simulations

based on parameter distributions, and results were presented in a propriate application of geographical information sys-
distributed probability map (DPM) for slope failure that, in turn, was tems (GIS) and environmental models can play a key
used to identify the spatial scale of variability captured by the model. role in such risk mitigation initiatives (Coppock, 1995),
Ripley’s K-function for distribution of a spatial point process was but to date management-oriented hazard models have
applied to mapped landslides and to simulated data based on the been applied in the developing world only rarely and
DPM. Observed landslide locations were more tightly clustered than with mixed success (Alexander, 1995; Chung et al.,
those predicted by the physically based model, indicating that fine-

1995), “in large part because” of limitations in relevantscale physical phenomena not captured by the model likely play a
historical and biophysical data (Coppock, 1995).role in slope failure. Aggregation of observed landslides on a scale

of 150 m made the comparison with model predictions more consistent.
Both parameter variability and inventory scale are important consider- Landslide Model Uncertainty and Scale
ations in the evaluation of a slope stability model.

Geographical information systems can be highly use-
ful in landslide modeling, as the endeavor requires spa-
tially complete information on topography, soil strength,

Landslides are a source of severe natural disturbance and hydrology for the entire area of interest, but GIS-and societal hazard in humid regions throughout based approaches are plagued by a susceptibility to errorthe world (Guariguata, 1990; Bergin et al., 1995; Walker magnification stemming from broad estimation of pa-et al., 1996; Iida, 1999). In addition to degrading agricul- rameters (Grayson et al., 1992), deaggregation of spa-tural lands (Lal, 1994), disrupting transportation (Lloyd tially averaged data (Miles et al., 2000), and error propa-et al., 1994), and causing immediate damage to infra- gation in distributed models (Coppock, 1995). Sensitivitystructure (Royster, 1979), landslide activity can be the and error analyses are therefore essential to ensure thedominant denudational process on humid hillslopes reliability of management-directed models (Coppock,(Iida, 1999; Pla, 1997; Simon et al., 1990), contributing 1995; Heuvelink and Burrough, 1992). The caveat issignificantly to the sedimentation of reservoirs (Nagle particularly significant for landslide susceptibility mod-et al., 1999). This sedimentation represents a serious els, because research modelers commonly report modeleconomic threat, as the cost of remedying sedimentation predictions in binary or deterministic terms even whenin the reservoirs of the world’s hydroelectric dams— variability has been recognized in sensitivity analysesestimated at $130 billion over a decade ago (Mahmood, (Miles et al., 2000; Gorsevski et al., 2000; Wu and Sidle,1987)—far exceeds direct economic loss because of 1995; Montgomery and Dietrich, 1994). To avoid anylandslide activity, estimated at $2 to 5 billion annually pretense of certainty, application-oriented modelers of-(Schuster, 1994). Landslides also extract a significant ten prefer qualitative stability classes to numeric indiceshuman toll in poorer nations. Over 95% of all fatalities (Dunne, 1998). This approach appropriately engages therelated to landslides occur in developing countries (Han- end-user in management decisions, but stability classessen, 1994), and population growth has forced increasing can be highly generalized or difficult to interpret (e.g.,occupation of landslide-prone slopes, especially by the Roy, 2001; Wang and Unwin, 1992; Jibson et al., 1993).urban and rural poor (Pellek, 1989). A quantitative representation of model uncertainty
would be preferable. For statistical models this can be
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achieved through probabilistic prediction methods (Chung processes modeled, by characterizing the landslide phe-
nomena as a spatial-point process (Cressie, 1991) andand Fabbri, 1999), neurofuzzy systems of analysis (Elias

and Bandis, 2000), or factor scoring of regression param- analyzing it as such.
The objectives of this research were to implement aeters (Gorsevski et al., 2000), all of which yield an abso-

lute or relative probability of slope failure. For physi- physically based landslide model (SINMAP, Pack et al.,
1998a) in an agricultural region of Honduras and tocally based models it is possible to derive predictions

through simulation based on estimated parameter vari- demonstrate methods for the representation of uncer-
tainty and spatially unbiased evaluation of a GIS-basedability (Benda and Dunne, 1997; Terlien et al., 1995).

Repeated simulations based on the spatial and statistical landslide model.
variability of input parameters yield a hazard zonation
map in which each grid cell is associated with a predicted MATERIALS AND METHODS
probability of failure.

Study AreaThe issue of scale in the implementation of an envi-
ronmental model has received considerable attention in The study area comprises three contiguous watersheds in

the central highlands of Honduras (Fig. 1), those of the Riorecent years (e.g., Miles et al., 2000; Miles and Ho,
Salitroso, the Rio Frio, and the headwaters of the Rio Quirima.1999; Heuvelink and Pebesma, 1999; Zhang et al., 1999;
All three rivers drain into Embalse Francisco Morazán—theFiedler and Ascough, 1998). In landslide modeling, how-
reservoir of the largest hydroelectric dam in the nation, whichever, little has been written on the problem of scale in
provides Honduras with the majority of its electricity (Mangur-model evaluation. Maps of landslide hazard are pro-
ian, 1997) but is rapidly silting in (COHDEFOR, 1998; IADB,duced at a wide range of scales and detail, reflecting 1999). The study area lies within the municipality of La Liber-

the needs of the project (Carrara et al., 1991), the avail- tad, Districto Comayagua (14� 47� N lat., 87� 35� W long.),
ability of detailed data (Montgomery and Dietrich, 1994; and covers an area of 46.1 km2. Terrain is steeply dissected,
Dunne, 1998), and the quality of the historic landslide with residual soils on upland areas and associated colluvium
inventory (Carrara et al., 1992). The scale at which ob- in valley bottoms. Soils are weathered from volcanic rock

(basalt and andesite flows) in the northern portions of theserved instability is mapped also varies, ranging from
study area and from sedimentary formations (redbeds andpoint locations or single grid cells (e.g., Wang and Un-
calcareous shales) in the center and south (Fig. 1). Land usewin, 1992; Pack et al., 1998b) to depiction of the areal
in the project area is predominantly agricultural, with coffeeextent of slide zones (e.g., Montgomery and Dietrich,
cultivation (Coffea arabica L.) dominating upland areas and1994; Harp and Jibson, 1995) to broadly delineated slope
lowlands divided between cattle pasture and the productionunits or zones of landslide activity (e.g., Carrara et of maize (Zea mays L.) and beans (Phaseolus vulgaris L.,

al., 1991). Phaseolus lunatus L.). Most farms are between 1 and 2 ha in
With few exceptions (e.g., Carrara et al., 1991) no size and are cultivated by the landowner (COHDEFOR,

rigorous effort has been made to match the scale of 1998).
mapped instability to the scale of physical variability The central Honduran highlands are semi-humid tropical,

receiving an average of 1900 mm of precipitation annually,captured by the prediction model. Thus models are eval-
concentrated in a moderate rainy season from May to July anduated on the basis of “percent hit rate” or count density
a heavy rainy season from September to November. Hurricanein the absence of any evidence that this metric repre-
Mitch inflicted severe damage on the study area, triggeringsents more than fortuitous coincidence or black-box
significant debris flows, mudslides, surface erosion, lowlandcorrelation with other variables (Miles et al., 2000).
flooding, and the consequent destruction of numerous homesWhile it is never possible to prove the “validity” of an and farms (Cruz and Reyes, 2000).

environmental model (Oreskes, 1998), it is necessary to
account for spatial bias or autocorrelation in any mea- Data Collection
sure of model performance.

Elevation contours were hand digitized in ArcView GISSlope failure is a complex physical process, and no
(ESRI Inc., Redlands, CA) from 1:50 000 topographic basem-model fully accounts for causal processes (Carrara et
aps (NIMA, Fairfax, VA). These contours were used to inter-al., 1992). This is especially true in the tropics, where
polate a raster DEM at the 5-m scale (after Zhang and Mont-localized weathering and subsurface flow can have a gomery, 1994). Information on slope and flow accumulation

dominant influence on slope stability but are nearly was, in turn, derived from the DEM. Flow accumulation was
impossible to map at the watershed scale (Simon et al., calculated from specific catchment area (upslope area per unit
1990). When landslides are triggered by local processes contour length [L2 L�1]) according to a model of saturation
not accounted for in the physically based model (e.g., from below that routes all flow along topographic gradients,

assumes steady-state recharge, and uses a value for hydraulicfaults in the bedrock), the spatial distribution of ob-
conductivity that is constant with depth (Pack et al., 1998a).served slope failures will differ from the spatial structure

A total of 63 soil samples were collected from the 0.10- andof model predictions. In particular, landslides are often
0.75-m depths for the research area, covering the A and B/Cclustered because of interaction or mutual correlation
horizons for the range of observed soil and land cover types.with a single destabilizing process. This clustering can
Only samples from the B/C horizons were used in the analysisintroduce spatial bias into the evaluation process, com- of soil properties for this study. Saturated bulk density (�s),

promising model assessment. It is possible to capture oven-dried bulk density (�d), and saturated shear strength (�sat)
differences in spatial structure between model predic- (Torvane Shear Strength Device, ELE International, Lake
tions and reality, and subsequently to adjust the resolu- Bluff, IL) were recorded for each sample. Soil cohesion (c)

was calculated from saturated shear strength measurementstion of the test data set to match the scale of physical
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Fig. 1. The study area comprises three contiguous watersheds: Upper Quirima, Rio Frio, and Rio Salitroso. Shading indicates the three geologic
units: the Matagalpa Formation (dots), the Yojoa group (white), and the Valle de Angeles group (lines). Points are locations of observed
slope failure. The town of La Libertad, in the southwest corner of the study area, is located at 14� 45� 24″ N lat., 87� 36� 42″ W long.

using the European Soil Erosion Model (EUROSEM) correc- lated with soil texture (feel method; Brady, 1990, p. 95–97),
bulk density, and porosity by the U.S. Navy graphical methodtion factor to convert saturated torvane measurements to soil

cohesion values (Zimbone et al., 1996; Morgan et al., 1993). (U.S. Navy, 1986, p. 148). The method is designed for noncohe-
sive soils, such as clean sands and gravels. There is, therefore,This method fails to capture the full influence of roots on

cohesion, as the torvane device is too small to register cohesion some approximation involved in applying the correlation to
soils that contain fines. This approximation was deemed ap-at the scale of large root effects. In this regard the estimate

of c is conservative and shows little correlation with surface propriate because all soil cores exhibited very low cohesion
when saturated (see Table 1, Results). Such low cohesionvegetation. Angle of soil friction for the samples (φ) was corre-
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Table 1. Mechanical and hydrologic parameters used in the slope stability model.

Parameter Rock group n mean Range SD†

�sat, Mg m�3 Yojoa Group 8 1.83 1.80–1.86 0.027
Valle de Angeles Group 8 1.69 1.63–1.72 0.044
Matagalpa Formation 14 1.74 1.67–1.85 0.066

φ, � Yojoa Group 8 31.8 35.1–28.6 3.20
Valle de Angeles Group 8 29.3 30.4–29.1 0.97
Matagalpa Formation 14 28.7 25.6–31.7 2.94

c, kPa Yojoa Group 8 0.099 0.060–0.132 0.035
Valle de Angeles Group 8 0.089 0.040–0.131 0.044
Matagalpa Formation 14 0.062 0.032–0.100 0.024

log Ksat, m s�1 Yojoa Group 8 �3.97 �4.44–�3.74 0.34
Valle de Angeles Group 8 �4.52 �4.76–�4.20 0.27
Matagalpa Formation 14 �4.73 �5.22–�4.17 0.39

D, m Yojoa Group 8 3 1.50–4.50 –
Valle de Angeles Group 8 1 0.50–1.50 –
Matagalpa Formation 14 3.25 1.50–5.00 –

Texture (USDA) Yojoa Group 37 loam, sandy loam
Valle de Angeles Group 31 loam, sandy clay loam
Matagalpa Formation 53 sandy clay loam

Area No. landslide systems Slide density
km�2 km�2

Yojoa Group 29.03 43 1.48
Valle de Angeles Group 8.06 8 0.99
Matagalpa Formation 9.00 30 3.33

† Standard deviation.

values are typical for normally consolidated, noncemented (USGS, Washington, DC) taken in March 2000. All landslides
were mapped at the head scarp of the slope failure (after Packclayey sands and sandy clays, and these soil types are conven-

tionally treated as noncohesive for calculations of φ (Holtz et al., 1998a). Point mapping was considered to be the most
appropriate inventory method for both practical reasonsand Kovacs, 1981). Saturated hydraulic conductivity (Ksat) was

evaluated with the falling head method (Reynolds, 1993) for (dense vegetation in the tropics introduces considerable uncer-
tainty to aerial slide interpretation) and mechanistic con-76-mm undisturbed soil cores, based on the average of three

trials per sample. The thickness of soil above bedrock (D) cerns—volcanic soils may liquefy when disturbed, leading to
large mudslides that are only a secondary consequence ofwas measured at 50 points (road cuts and in sample pits) for

each lithologic group using judgment sampling. initial slope failure (Terlien et al., 1995). It is likely that the
landslide inventory underestimates the number of small slopeThree major soil types were identified in the study area

and their distribution was mapped through correlation with failures, which can be difficult to identify on aerial photos.
surface lithology, which was obtained from 1:500 000 USGS
geologic maps for Honduras. Field survey information was Model Implementationused to refine the map, as data were deaggregated to match
the scale of the DEM. Deaggregation is known to introduce Following Montgomery and Dietrich (1994) a physically
uncertainty to a spatial model (Heuvelink and Pebesma, 1999), based slope stability model was used in this study. Physically
but, when the process is justified with field observations, it based models are useful in that they allow for relatively fine
allows the modeler to present more detailed, intuitive results scale hazard mapping (Pack et al., 1998b) and tend to be less
for use in prediction and management (Miles et al., 2000; site specific than multivariate statistical analyses (Montgomery
Montgomery and Dietrich, 1994). Lithologic types include and Dietrich, 1994). The infinite slope stability approach is
limestone deposits (Valle de Angeles Group), pyroclastic rock commonly applied in a GIS environment (e.g., Hammond et
(Matagalpa Formation), and calcareous shale (Yojoa Group). al., 1992; Montgomery and Dietrich, 1994; Wu and Sidle, 1995;
Soils of the Yojoa Group and Matagalpa Formation are Terlien et al., 1995; Pack et al., 1998a) and evaluates slope
weakly developed Ustorthents and Troporthents. The Valle stability based on an estimated potential for failure, expressed
de Angeles Group contains small deposits of Haplustalfs and as (Hammond et al., 1992):
Argustolls in addition to Ustorthents. Properties measured
from soil samples were grouped by lithologic type to provide FS �

c � cos2�[�s g(Dp � Dw) � �s g � �wg)Dw] tan�

Dp �s g sin� cos�calibration parameters for the stability model.
No reliable data on rainfall from Hurricane Mitch are avail-

Where FS is the factor of safety for slope stability, for whichable for the study area, and, because of the highly destructive
values 	1 represent failure conditions. Parameter c is soilnature of the storm, data from rainfall gauges throughout
cohesion (ML�1 Mg�2), � is the local slope gradient, �s is theHonduras are of questionable quality (Hellin and Haigh,
saturated bulk density of the soil (ML�3), �w is the unit density1999). Maximum 30-min intensities of 71 mm h�1 were re-
of water, Dp is the thickness of soil above the failure planeported from the South of the country (Hellin and Haigh, 1999)
(L), Dw is the thickness of saturated soil above the failurewhile a sustained intensity of nearly 107 mm h�1 was recorded
plane, φ is the soil angle of friction, and g is the accelerationover one 6-h period in the North (McCown et al., 1998). A
because of gravity (L M�2).steady-state recharge rate of 76 mm h�1 was used for modeling

The depth of soil above the failure plane Dp was assumedpurposes, considered conservative for maximum, multiple
to equal the total depth of soil to bedrock, D. This conditionhour sustained rainfall intensity in Central Honduras.
does not always hold for plastic soils, where diverse failureAn inventory of recent landslides in the study area was
mechanisms are possible (see e.g., Royster, 1979). Nonethe-established through a field survey in September 2000 and the

interpretation of 1:40 000 black and white aerial photographs less, the infinite slope model with the assumption of failure
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at the soil–bedrock interface was deemed appropriate because: on the range of x, followed by a y coordinate selected in the
same manner. The result is a random (Poisson) scatter of(i) the algorithm tends to be conservative for situations of

deep-seated failure (Terlien et al., 1995) and (ii) according to points over the map. Once the location is selected, a third
random variate (z) representing a potential landslide realiza-a poststorm survey mud and debris flows in the study area

generally initiated as translational soil slips (Cruz and tion is generated from a uniform distribution on (0,1). If the
value of this realization is greater than the predicted probabil-Reyes, 2000).

Pack et al. (1998a) implemented an adaptation of this equa- ity of a landslide occurrence from our DPM (i.e., if z 
 p
[landslide | x,y]) then we keep the location as a realized (simu-tion in the SINMAP model, which is available as a freeware

extension for ArcView GIS. Stability index mapping models lated) landslide and go on to the next randomly generated
location until a total of 190 landslides (equaling the numbershallow translational landslides by combining the infinite slope

stability equation with a steady-state hydrology model that observed originally) have been generated. The single observed
(true) realization is then compared with the distribution ofcalculates depth of saturation based on water recharge rate

and soil transmissivity. Required parameters at each node are 1000 randomly generated realizations as a test of the null
φ, Ksat, D, steady-state rainfall rate, and dimensionless soil hypothesis that the observed data came from the assumed
cohesion C*, defined as: distribution. The product of this algorithm is a set of points

that is uncorrelated with the set of observed slides but that
has a nonrandom spatial structure that is similar to that ofC* �

c
Dp cos� �s g the DPM. This process makes it possible to compare what

the DPM predicts to what has been observed in a spatiallyIn numerous applications SINMAP has proven to be an effec- unbiased manner.tive tool for the rapid identification of potentially unstable Because the observations (i.e., the set of landslide locations)zones in large land areas (Pack et al., 1998b). are not a single point, as in the typical hypothesis testing
framework, but are an array a spatial observations across a

Parameter Uncertainty broad geographic scale, Ripley’s K-function (Ripley, 1976;
Venebles and Ripley, 1999) can be used characterize the spa-Stability index mapping accounts for parameter uncertainty
tial distribution of points across scales. This statistic character-through the use of uniform probability distributions for certain
izes the spatial distribution of points by calculating the ex-input parameters (Pack et al., 1998a). This capacity was not
pected number of observations within a distance d of aused, however, because some parameters do not follow a uni-
given observation:form distribution in the field. The saturation hydraulic conduc-

tivity is generally distributed log normally, while values for K(d) � ��1E[number of additional pointssaturated bulk density, saturated shear strength, and porosity
(and thus angle of friction) are approximately normally distrib- within distance d of an arbitrary point]
uted (Kempthorne and Allmaras, 1986). To capture true un-
certainty we calculated the mean value and the value at �0.25
standard deviation (SD), �0.5 SD, �1.0 SD, and �2.0 SD for Where � is global intensity, taken here to be the density of
each normally distributed parameter and for the log of Ksat landslides per unit area (Cressie, 1991).
(after Snedecor and Cochran, 1980, on small-sample distribu- To simplify the presentation only the 25th, 501st, and 975th
tions). The distribution of D could not be characterized, so a ranked realizations summarized by K(d) are given, represent-
uniform distribution was assumed, with representative mean. ing the 2.5th, 50th, and 97.5th percentiles of the distribution,
Deterministic SINMAP simulations for all combinations of or roughly the median and 95% confidence bounds of the
input parameter values were performed to identify model distribution. Empirical K(d) values for the test data set were
sensitivity. It was found that the FS calculation was most plotted alongside these realizations, and deviations of the test
sensitive to Ksat and φ, and the joint probability of failure was data from the simulation envelope were taken to represent
defined as probability that FS 	 1 given the estimated field spatial structure not accounted for by the model at the in-
variability of Ksat and φ. A DPM of the study area was derived terpoint distance (d) of deviation. The empirical K(d) was
from the spatial distribution of these probability predictions. also calculated for test data grouped into landslide events that
Probabilities reported in the DPM do not take into account included all failure scarps mapped within 100, 150, and 200 m
uncertainties in the DEM (e.g., erroneous values of slope of each other. For each analysis the total number of landslide
gradient), in the estimate of rainfall rate (which was held events was different (larger grouping radii lump slope failures
constant), or in the U.S. Navy correlation method used to into fewer defined slide systems), and � was adjusted ac-
obtain φ (SD for φ was derived graphically from measured cordingly.
distributions in �s and porosity and from observed variability
in soil texture).

RESULTS AND DISCUSSION
Spatial Randomness and Aggregation A total of 190 storm-induced landslides were identi-

To quantify the scale at which clustering of landslides takes fied in the study area. Slide density was greatest in the
place and relate that to various methods of aggregating the deep residual soils of the Matagalpa Formation, at 3.33
observations, it is useful to generate statistical summarizations km�2, moderate in the Yojoa Group (1.48 km�2), and
of simulated realizations from the DPM and compare those lowest in the relatively shallow soils of the Valle de
with the observed data similarly aggregated. To do this, the Angeles Group (0.99 km�2; Table 1). Mapped slope
simulated data are derived for the region via Monte Carlo failures were not distributed evenly across the studysimulation using the probabilities given by the DPM condi-

area. Slide frequency was greatest in upland regions,tioned on the number of landslides observed. The simulation
and individual failure scarps were clustered at riveralgorithm is as follows. First, a geographic location is randomly
heads and in the areas immediately surrounding largeselected on the map. This is typically accomplished by selecting

the x coordinate of the location from a uniform distribution landslide events (Fig. 1).
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Parameter Uncertainty nearly 53% in the fraction of total area predicted to
be unstable (Fig. 2). Most of this variability, however,Measurements of soil strength and hydrologic proper-
occurred at the outward edges of parameter distribution;ties showed substantial variability both within and be-
for the middle 68% of the joint distribution of φ andtween lithologic groups (Table 1). Soils overlying the
Ksat total model sensitivity was 	7%. The sensitivity tocalcareous shales of the Yojoa Group were deep and
high and low end combinations of these parameters ishad high hydraulic conductivities (D � 3 m, Ksat � 1.06 

cause for some concern, however, as both are highly10�4 m s�1). These soils were predominantly sand silt
variable in the field (Grayson et al., 1992; Kempthornemixtures (USDA loam and sandy loam) and had low
and Allmaras, 1986). For this reason a conservative in-saturated cohesion (0.099 kPa). Mean φ was 31.8�. Soils
terpretation of model output is recommended. More-of the Valle de Angeles group were clayey fine sands
over, uncertainties in the correlation method used to(USDA loam and sandy clay loam), were relatively shal-
obtain φ could not be quantified, and it is likely thatlow (φ � 29.3�, D � 1 m), and had lower average Ksat real uncertainty in this parameter is even greater than(3.02 
 10�5 m s�1). Saturated cohesion was low (0.089
reported on Table 1. Most importantly, the graphicalkPa). Soils of the Matagalpa Formation were deep (D �
method provides no guidelines for quantifying soil tex-3.25 m), highly weathered, clayey sands (USDA sandy
ture, though this is a key variable in developing correla-clay loam). These deposits had the lowest Ksat (1.86 

tions between porosity and angle of friction. The use of10�5 m s�1) and φ (28.6�). Measurements of shear
categorical description makes the method conducive tostrength in the field demonstrated that these soils could
rapid field survey, but this comes at the price of unidenti-exhibit cohesion under nonsaturated conditions (data
fied uncertainty in the estimate. The development ofnot shown) but cohesion was found to be very low (0.062
better field methods for estimating angle of friction iskPa) for saturated soil cores.
desirable. Failing this, more intensive sampling of theTotal area predicted to be unstable (FS 	 1) was
parameters used to estimate φ is recommended for fu-most sensitive to variability in the parameters φ and Ksat.
ture studies.Manipulation of each parameter to �2.0 SD of the field-

Probabilities associated with model sensitivity to φrecorded mean (i.e., 95% of total expected variability)
and Ksat are presented spatially in the DPM for theeffected a change of up to 19 and 17%, respectively, in
study area (Fig. 3). Probability classes reflect the jointthe total area predicted to be unstable. In both cases,
statistical distribution of φ and Ksat and map shadingmodel sensitivity was greatest for low-end parameter
indicates the spatial distribution of model predictions.values. Model sensitivity was insignificant to variability
Predictions of relative stability across the study areain �s (	1%), and manipulation of parameters c and D
(i.e., which zones had the highest probabilities of failure)resulted in only a 3 and 2% maximum change, respec-
were not sensitive to parameter adjustments. This istively, from the area predicted to be unstable using
to be expected, as the relative stability assessment ismean values. Relative insensitivity to cohesion and soil
governed by specific catchment area, through its influ-thickness result from the low values we obtained for
ence on soil wetness (O’Loughlin, 1986) and local slopesaturated soil cohesion, and is not inherent to SINMAP
gradient (Pack et al., 1998a). Only the absolute magni-or to the infinite slope stability model (e.g., Gray and
tude of the stability index is governed by soil propertiesMegahan, 1981).

Joint sensitivity to φ and Ksat amounted to a range of at the point of analysis.

Fig. 2. Fraction of the total study area that is predicted to be unstable over the joint distribution of φ and Ksat.
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Fig. 3. Cumulative probability map for a portion of the Upper Quirima watershed.

Spatial Randomness and Aggregation for 1000 simulations of 190 spatially independent points
selected according to predicted probability of failureThe spatial distribution of mapped landslide points,
(see Materials and Methods). The K(d) values for ob-described through Ripley’s K-function, clearly deviates
served slides now fall within the simulation envelope atfrom random at every scale within in the study area.
all distances 
1500 m. For small distances, however,The thick solid line in Fig. 4a represents the expected
clustering is greater for the test data set than it is forintensity of a randomly distributed spatial point process
the 95% simulation envelope of independent SINMAPof 190 events within the study area. As distance from
predictions (Fig. 5a). This indicates that the model doesa given event increases, the total number of events en-
not account for all processes responsible for local clus-countered increases according to the Poisson distribu-
tering and that it is necessary to aggregate observationstion. Thin lines above and below the intensity expecta-
in the mapped landslide inventory for purposes of mod-tion represent a 95% confidence interval based on 1000
el evaluation.simulations of the random process. The trail of solid dots

The most likely sources of clustering at 	1500 mindicates intensity for actual observations of landslide
are landslide interaction (i.e., one slope failure directlyevents in the test data set (190 total). The fact that K(d)
triggers another) and mutual correlation with a locallyis greater for observed slides than it is for random points
destabilizing landscape feature such as uneven weather-at distances from 0 to 4000 m indicates that there is
ing, road construction, or an undercut river. In cases ofsignificant spatial clustering of landslide events. This is
interaction or mutual correlation it is appropriate toexpected, as it is the very nonrandom nature of landslide
group slope failures together into landslide systems thatsusceptibility that allows us to evaluate and model the
stem from a single combination of destabilizing factors.phenomenon.
Given high quality aerial photography or timely post-By considering spatial variability in slope gradient,
storm survey, it is possible to perform expert identifica-specific catchment area, and parameters of soil strength
tion of landslide correlation (e.g., Carrara et al., 1992;and hydrology, SINMAP captures a significant fraction
Wang and Unwin, 1992). Considering the well-docu-of observed clustering (Fig. 4b). Solid points still indi-
mented subjectivity of such analyses, however (Carraracate the distribution of observed landslide systems, but

lines represent the mean and 95% confidence interval et al., 1992), and the limited availability of cloud-free



ZAITCHIK ET AL.: MODELING SLOPE STABILITY IN HONDURAS 275

Fig. 4. Ripley’s K-function for mapped landslide inventory (dotted line) and for the mean and 95% simulation envelope (solid lines) for 1000
simulations of (A) 190 normally distributed points and (B) 190 points selected according to modeled probability of failure.

imagery in the wake of Hurricane Mitch, an automated (Fig. 5d). Aggregation did not affect K(d) for distances

1500 m.criterion was used: all mapped failures that lie within a

given distance of each other were deemed to be poten- Using the 150 m proximity rule, the 190 mapped fail-
ure scarps were grouped into 81 landslide systems. Eachtially correlated, and multiple grouping was allowed

(i.e., a mapped failure could be potentially correlated failure scarp was then associated with a 35-m buffer
to account for mapping uncertainty in the empiricalwith more than one neighboring failure). Through re-

peated simulations of the K-function we found that an evaluation process (after Carrara et al., 1992). We found
that 61 landslide systems—75% of the population—aggregation distance of 150 m was required to account

for fine-scale spatial structure in the test data set (Fig. 5 overlapped a zone of moderate failure potential (proba-
bility � 0.5 for Hurricane Mitch conditions). Of these,b,c). Aggregation distances 	150 m overgeneralized the

landslide inventory, washing out local structure in slope 42 slide systems—52% of the population—overlapped
a zone of very high failure potential (probability � 0.975and saturation that the model does take into account
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Fig. 5. Ripley’s K-function for mapped landslide inventory (dotted line) and for the mean and 95% simulation envelope (solid lines) for 1000
simulations of 190 points selected according to modeled probability of failure. In (A) the landslide inventory is unedited. In (B) all failure
scarps within 100 m of each other have been aggregated into landslide systems. In (C) failure scarps within 150 m have been aggregated, and
in (D) failure scarps within 200 m have been aggregated.

for Hurricane Mitch). In total 16.9% of the study area in other landslide modeling efforts (e.g., Carrara et al.,
1992; Montgomery and Dietrich, 1994; Chung et al.,was classified as moderate, and 6.4% as very high failure
1995; Pack et al., 1998a; Iida, 1999; Gorsevski et al.,potential during Mitch (Table 2).
2000). There are certainly examples of higher accuracy
model applications (e.g., Montgomery and Dietrich,CONCLUSIONS
1994; Pack et al., 1998b), but this study can be considered

Our objective was to apply a spatially distributed a success for GIS-based modeling in a region with little
slope stability model to an area affected by Hurricane biophysical information available.
Mitch. SINMAP, a model that utilizes a steady state Two issues significant to environmental modeling in
hydrology model, the infinite slope stability model and general were encountered in the course of this study.
GIS data structures, performed well in the study area, First, given the variability associated with most environ-
assigning a probability of failure of 	0.975 to 52% of mental parameters, it is important to incorporate uncer-
identified landslide systems and a probability of failure tainty into any report of model output (Pack et al.,
	0.5 to 75% of identified systems. A 75% identification 1998a; Terlien et al., 1995). Presenting model predic-

tions as a DPM is an information-rich and statisticallyrate is roughly comparable with the successes reported
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Table 2. Evaluation statistics for the distributed probability map.

Predicted probability % of total No. slide % of total Slide system
for slope failure Area area systems slide systems density

km�2

	0.005 20.61 44.74 5 6.17 0.24
0.005–0.025 10.05 21.80 6 7.41 0.60
0.025–0.095 4.11 8.91 5 6.17 1.22
0.095–0.160 1.86 4.04 1 1.23 0.54
0.160–0.500 1.69 3.66 3 3.70 1.78
0.500–0.840 1.47 3.18 7 8.64 4.77
0.840–0.905 1.32 2.87 2 2.47 1.51
0.905–0.975 2.03 4.39 10 12.35 4.94
0.975–0.999 1.89 4.10 21 25.93 11.13

0.999 1.06 2.31 21 25.93 19.73

Reichenback. 1991. GIS techniques and statistical models in evalu-rigorous method for doing this. The concept of probabil-
ating landslide hazard. Earth Surf. Process Landforms 16:427–445.ity of failure under specified storm conditions is mean-
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