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Abstract:
Landslides around the world cause human
fatalities and significant economic losses for
governments and private citizens. Therefore,
there is great value in being able to predict
future landslides. We examine the landslides
on Saint Vincent, an island in the eastern
Caribbean, and use co-kriging to spatially
show where hazard is greatest for future
landslides. We determined that our model
was 82% accurate from our validation
analysis, suggesting that slope is important in
explaining landslides. Our analyses should
serve as a preliminary landslide susceptibility
assessment for managers on Saint Vincent.

a measure of the temporal probability of a
landslide event occurring within a given time
period (Varnes 1984). Vulnerability references
the social factors like that are affected by
landslides and is usually measured as loss of
human life, economic losses, or a
combination of both (Glade and Crozier 2005;
Jaiswal et al. 2010). Vulnerability depends on
the probability that important social factors
such as population density, infrastructure,
and buildings (van Westen et al. 2006) will be
affected by a landslide. Often data are
limited, incomplete, or nonexistent which
explains why many of the case studies
concerning landslides do not calculate true
total risk (van Westen et al. 2006). Instead,
many model landslide susceptibility or where
landslides are most likely to occur in the
future.

1. Introduction

1.1 Study Area

Landslides cause fatalities, significant
economic losses (both to governments and
individuals), and damage to infrastructure in
many regions around the world. Many studies
have attempted to measure "risk" in
landslide-prone areas. Risk refers to "the
expected losses including persons injured,
damage to property and disruption of
economic activity due to a particular
damaging phenomenon for a given area and
reference period" and ultimately is a function
of hazard, exposure, and vulnerability (Varnes
1984). Hazard takes into account the spatial
factors that cause landslides while exposure is

Our study was the island of Saint Vincent, the
largest island in the country of Saint Vincent
and the Grenadines (Figure 1). It is part of the
Windward Islands which comprises the
southern Antilles south of Guadeloupe and
north of Trinidad and Tobago.
Saint Vincent topography includes drastic
slopes and elevation changes culminating in
the island’s active volcano, La Soufriere. The
recent eruptions from this volcano, along
with the island’s relatively short geologic
history, explain the fertile but shallow soil
layer (DeGraff et al. 1989). This shallow soil
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contributes to the frequency and magnitude
of landslides on the island.

Table 1: Saint Vincent information (Boruff and
Cutter 2007).

Area

317.06 km2

Highest Elevation

1,234 m

Population

76,762

Location

13.25°N, 61.20°W

The second largest economic industry (behind
tourism) on Saint Vincent is agriculture, with
most of the agricultural exports consisting of
bananas (Boruff and Cutter 2007; DeGraff et
al. 1989). This means that forested land is
increasingly
replaced
with
banana
plantations, a process that increases landslide
susceptibility. Banana roots are much
shallower than the native vegetation and do
not stabilize the soil nearly as well (DeGraff et
al. 1989). DeGraff et al. (1989) reports an
eyewitness account of a Saint Lucian
(neighboring island) farmer watch his entire
five hectare field get destroyed by a landslide.
The farmer believed that a combination of
the steep slope and absence of trees with
“firm roots” that led to the landslide.
1.2 Significance
Reliance of Saint Vincent and the Grenadines
economy on both tourism and a single cash
crop makes the island vulnerable to landslides
and other natural disasters (Boruff and Cutter
2007). Most of the agriculture on Saint
Vincent is small scale meaning the destruction
of one field or plantation can place a great
financial hardship on the farmer (DeGraff et
al. 1989). DeGraff et al. (1989) estimate that
one landslide event can destroy 25-50% of a
farmer's annual income. This figure does not

Figure 1: Saint Vincent is the site of the landslide
susceptibility assessment.

take into account the indirect costs
associated with landslide damages, a figure
that Sterlacchini et al. (2007) believe to be as
costly as direct damages. Globally, landslides
cause more damage to personal property
than any other natural disaster (GarciaRodriguez et al. 2008), with estimates totaling
over one billion (US) dollars (Schuster et al.
1996).
To the best of our knowledge, the number of
fatalities due to landslides on Saint Vincent is
unknown. However, Boruff and Cutter (2007)
estimate that 78% of the population is living
in at risk areas for future landslide events.
Consequently, preparing for and preventing
future damages from landslides is a priority
for the government of Saint Vincent and the
Grenadines. Mitigation initiatives must come
in two forms: legislation that reduces
development in risk-prone areas and sets
building standards to promote disaster
resistant structures, and implementing
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educational programs informing communities
about the steps they can take to minimize risk
and the effects of landslides (Anderson et al.
2010; Holcombe and Anderson 2010).
Managers must know where landslide risk is
greatest on the island. This information will
help managers chose the best mitigation
options, government officials to budget funds
to cover damages from landslides, and
decision makers during the planning and site
selection of building projects (Sterlacchini et
al. 2007; Durman et al. 2006).
1.3 Purpose
Here we present a preliminary evaluation of
landslide susceptibility on the island of Saint
Vincent. While we were not able to create a
"true" risk map due to incomplete and nonexistent data sets, our analyses provide
valuable information for both managers and
other analysts to target at-risk areas on the
island. We used co-kriging to spatially
evaluate
hazard across the island.
Unfortunately, the landslide datasets that
currently exist on Saint Vincent are sparse,
limiting the amount of explanatory variables
we could include in our model.

2. Methods
We obtained our historical landslide data
from Jerome DeGraff (pers. comm.). DeGraff
et al. (1989) produced detailed maps of areas
impacted by landslides (as well as others from
Caribbean Islands) in a report for the
Organization of American States. In this
report, landslides were identified as
“definite” and “possible.” The maps were
georeferenced and the landslide areas were
digitized as points. When we digitized the
points, we included all (both definite and
possible) as landslide events. In this way, we
were able to compile a historical landslide
database of 463 points for Saint Vincent.

Absence points were created by erasing a 200
meter buffer around known landslide points.
A total of 400 random points were created
with a minimum distance of 100 meters
between the random points.
We isolated developed areas for Saint Vincent
using the land cover dataset offered by the
GeoSUR database(http://www.geosur.info/
geosur/index.php/en/). The image was
georeferenced and the light and heavy urban
areas were separated from the other land use
data and combined.
Finally, we obtained our DEM data from the
ASTER sensor through the USGS Earth
Explorer database. This sensor is on board
NASA’s Terra satellite and captured the
images we used of Saint Vincent in 2011.
Slope and aspect were derived from the DEM
data using their respective spatial analyst
tools (Moore et al. 1991). Slope values were
then extracted from the rasters and
appended to the point data. Of the 863 points
(463 actual and 400 random), 663 were
selected randomly as training points leaving
200 points for validation.
The importance of slope in determining
landslide events in other case studies around
the world led us to use it for our co-kriging
analysis. First, slope had to be tested for
autocorrelation (a requirement of co-kriging).
Spatial autocorrelation was validated using
Moran’s I (Moran’s Index: 0.51, p=0.00).
The 663 training points were used to create
the simple co-kriging model. Landslide
presence / absence, the first variable, was not
transformed. The second variable, slope, was
declustered prior to being transformed using
normal score.
The co-kriging model values were extracted
and appended to the validation points. Two
validation points found outside of the model
area were removed leaving 198 validation
3

points. Predicted values were then calculated
into risk / no risk with predicted values <0.5
being no risk and values > 0.5 being risk.
These values were then compared to the
actual presence (risk) / absence (no risk)
landslide data.

3. Results
Analysis of the validation points revealed that
our model had a total accuracy of 82% (Table
2). Of the 198 validation points, 12 were
classified as having risk when there was in
fact no risk and 24 points were classified as
having no risk when there was a risk.

With all of the actual landslide points overlaid
on the co-kriging output we can visually see
the model’s accuracy (Figure 3). Very few
actual landslide events fall on areas with less
than 0.5 risk.
The co-variance graph shows the degree of
similarity between surface points and is used
to generate the co-kriging map (Figure 4). The
model suggests that similarity in landslide risk
drops off sharply within 800 meters of a
landslide point and stabilizes at a distance of
about 5,000 meters (Table 3, Figure 4).

Table 2: Accuracy of co-kriging model of landslides
on Saint Vincent using 198 validation points.

Actual
No
Risk

Risk

% Correct
Validation
Points

No Risk

69

24

74%

Risk

12

93

89%

% Correct

85%

79%

Predicted

Validation

Points

Total Model
Accuracy:
82%

Our model predicts that most of the urban
areas have relatively low risk of landslides
(Figure 2). The areas all along the eastern and
southern coasts have very low risk where the
northern and western coasts are more at risk.
The interior portion of the island has
scattered areas of high to low risk.

Figure 2: Saint Vincent co-kriging analysis using
landslide data and slope. Red represents the
highest likelihood of a landslide, where green
represents the lowest likelihood. The dark grey
areas symbolize urban development.
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Table 3: Covariance models generated during the
co-kriging analysis. LS = Landslide; Sl = Slope.
Constant

Nugget

Range

Sill

LS x LS

0.074458

0.17421

4870.4

0.51465

LS x Sl

0

0.33945

4870.4

0.51464

Sl x Sl

0

1.11240

4870.4

0.51465

4. Discussion

Figure 3: Saint Vincent co-kriging analysis using
landslide data and slope. Red represents the
highest likelihood of a landslide, where green
represents the lowest likelihood. The red points
symbolize 463 known landslide points.

The validation analysis for our co-kriging
model yielded 82% accuracy (Table 2),
suggesting that slope is important in
explaining landslide events. This reiterates
the findings of similar studies conducted in
other areas of the world: slope is very
important in being able to measure landslide
susceptibility. When logistic regression was
used for this purpose in Turkey, slope
gradient explained the greatest amount of
variation (Kincal et al. 2009; Duman et al.
2006; Akgun et al. 2012; Akgun 2012). The
same was true for studies in India (Jaiswal et
al. 2010; Jaiswal et al. 2011) and Japan
(Ayalew and Yamagishi 2005).
We decided to exclude aspect from our
analyses for two reasons. Firstly, the
importance of aspect in predicting landslides
is debated in the literature. Duman et al.
(2006) and Ayalew and Yamagishi (2004)
both found aspect to explain large amounts of
variation in each of their respective logistic
regression models. However, others have
found aspect to be insignificant and suggest
that its significance in other studies is miss
represented (Carrara et al. 1991 and
references therein).

Figure 4: Landslide x Slope covariance plot
calculated by the co-kriging analysis on Saint
Vincent.

Our second rationale behind this decision was
because exploratory regression analysis
suggested that aspect was insignificant in
explaining landslides on Saint Vincent.
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4.1 Limitations
GIS based statistical models operate under
the assumption that landslides will most likely
occur in the same location and because of the
same reasons that they have in the past.
However, this might not always be the case as
each landslide event changes the surrounding
terrain, sometimes drastically, and thus
changes conditions from how they were prior
to the landside happening (van Westen et al.
2006). While it is common for landslides to
occur close to each other (resulting in "hot
spots"), it is not very likely for two landslides
to occur in the exact same place, a
characteristic that is unlike some other
natural disasters and contributes to the
difficulty in modeling landslides (van Westen
et al. 2006). Furthermore, there are many
types of landslides (DeGraff et al. 1989), and
the factors that lead to each often differ (van
Westen et al. 2006).
4.2 Value as a Preliminary Investigation
Despite the limitations of our datasets and
inherent limitations associated with GIS based
statistical modeling, we believe our analyses
provide great value. Our validation analysis
(Table 2) suggests that a high level of
confidence in our model is not misplaced. To
the best of our knowledge, no other studies
attempt to model landslide susceptibility on
Saint Vincent. Thus our results provide a
preliminary investigation for future studies to
build upon. Furthermore, our co-kriging map
(Figure 2) can be compared with dense
population centers to evaluate which areas
are most at risk for landslide exposure, as well
as identify areas where land should not be
developed. This information can be very
important in future development decisions.
Furthermore, our study is unique in that the
total number of points comprising our
historical landslide dataset were very high
(n=463). Many of the other studies we

examined used fewer than 87 historical
landslide points in their analyses (Ayalew and
Yamagishi 2010; Akgun et al. 2012). Our large
sample size strengthens our model by
reducing the effects of outliers.
4.3 Applications for Saint Vincent
A model is only as good as the reliability,
accuracy, and thoroughness of its data inputs
(Kincal et al. 2009). Currently, the available
data relative to landslides and their causes on
Saint Vincent is limited. Spatially, only slope
and aspect data are available and the
historical landslide dataset used in our
analysis only include landslides that
happened prior to 1988 (Jerome DeGraff,
pers. comm.). While Jaiswal et al. (2010) used
historical landslide data dating back 23 years
for their analysis, such long time delays can
be problematic. Landscapes change over
time. Vegetation, land use, and to a limited
extent topography, might have changed
between the time our independent variable
datasets were collected (2011) and the time
the landslide occurred. This again highlights
the need for governments to keep long-term
landslide databases.
For this reason, we advocate the creation of a
long term landslide database for Saint Vincent
and the Grenadines. The type of data to
include in this database should be based on
the findings of other landslide case studies
from around the world. Specifically, Kincal et
al. (2009) and Duman et al. (2006) found that
weak underlying bedrock explained a large
amount of variation in their logistic regression
models, so lithology data should be collected
for Saint Vincent. However, the bedrock in
these case studies is sedimentary. The
bedrock of Saint Vincent is volcanic and thus
it might not be as influential in causing
landslides. But considering lithology only
needs to be sampled once (bedrock remains
stable over short timescales) and could
potentially provide important information, its
6

collection should become a priority. Another
metric to collect should be the proximately of
landslide events to roads. Ayalew and
Yamagishi (2005) found that proximity to
roads was almost as important a predictor of
landslide occurrence as slope gradient in their
Kakuda-Yahiko mountains (Japan) study.
Most importantly, future landslide databases
on Saint Vincent should include information
on a multitude of potential factors as the
explanatory variables in one region of the
globe might not be as influential as in another
(Ercanoglu and Gokceoglu 2004).
Finally, the importance of triggering events on
explaining landslide occurrences has been
well documented (van Westen et al. 2006).
Unfortunately, GIS based statistical models
are constructed to spatial variation (i.e.
elevation) and do not account for temporal
variation like triggering events (van Westen et
al. 2006). For a study to truly be a risk analysis
and most accurately predict landslides, it
must include temporal variation (to meet the
"exposure" part of the risk equation) or, in
other words, the triggering event (van
Westen et al. 2006). This contradiction can be
circumvented by justifying the exclusion of
triggering events (Ayalew and Yamagishi
2005), or by using other statistical procedures
to search for correlations between potential
triggering events and landslides (Dai et al.
2002). For either of these techniques to work,
data about potential triggering events must
exist, something that is not the case for Saint
Vincent. Landslide triggering factors are sitespecific and need to be collected before the
landslide occurs. Even when historical records
for landslides exist (this is not always the
case), a lack of information about the
triggering factor(s) behind each landslide
event makes predicting future landslides
difficult (van Westen et al. 2006).
When the triggering factor is measured,
precipitation seems to be the triggering event

most frequently behind landslide occurrences
(Jaiswal et al. 2011; Ayalew and Yamagishi
2005; Jaiswal et al. 2010), though seismic
activity has also been demonstrated as a
causal factor as well (Akgun et al. 2012, Dai et
al. 2002). Based on past newspaper articles
and the large amount of rain that falls on
Caribbean countries (DeGraff et al. 1989),
precipitation is most likely the case for Saint
Vincent as well, though the amount of
precipitation that leads to landslides here is
unknown (DeGraff et al. 1989). In the future,
Saint Vincent authorities should measure
precipitation spatially across the island to aid
in the predictive value of future models.
The high frequency of landslide events and
lack of a reliable landslide database on the
island of Saint Vincent makes it difficult to
model landslide risk on the island. However,
the ability to do this has a great potential to
decrease losses, both from an economic and
human life perspective. We created an
accurate co-kriging model that suggests slope
is important in explaining landslide events.
However, our model could have been
strengthened with a more expansive dataset.
For this reason, we call for increased
consistent and reliable data collection on
Saint Vincent and hope that our preliminary
analysis provides managers with information
with which to make more informed decisions.
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