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This project developed a series of spatial models to classify the island karst
landforms and predict the island karst feature distribution. Spatial models with
unsupervised classified images, and fuzzy-based spatial models were used in this study.
Forecasting verification and spatial regressions were used to validate the models. The
case study was conducted on San Salvador Island, the Bahamas, a recognized carbonate
island with island karst features. Fieldwork data on banana holes on the island were used
for model validation. The results showed that most models had accuracy higher than
90%, and were statistically proved that they could be used as predictors of island karst
features. Further study may be conducted to solve the Modified Areal Unit Problem
(MAUP) in the future.
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CHAPTER I
INTRODUCTION
This project developed a set of spatial models to predict the distribution of island
karst features such as banana holes and flank margin caves. The objective of this project
was to develop the spatial protocols to reduce the cost and labor intensity for fieldwork.
The integration of remote sensing/GIS applications also involved consideration if
low/moderate resolution satellite image such as Landsat 5 TM/ASTER data can be used
to predict island karst features such as banana holes in carbonate islands. It also defined
which spatial data combinations would be the best to use as the parameters for spatial
modeling to predict island karst distributions. Furthermore, the effects of scale and
scaling of spatial modeling and multi-scale input datasets are also examined by the
statistical analyses in this study.
Based on the literature review, combining spatial modeling and remote sensing
techniques should be able to predict island karst distribution. Past literature (Mylroie and
Carew, 1988) indicates that island karst features are highly related to their elevation and
may have specific vegetation and groundwater characteristics. Therefore, using elevation,
vegetation and water moisture as parameters may be able to predict island karst
distribution. Furthermore, features like pit caves and banana holes usually developed in a
unique landform with particular slope and curvature (Harris et al, 1995). Therefore, slope
and curvature may also be used as parameters to predict island karst.
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Previous studies (Rowan and Mars, 2003; Ninomiya, 2002) also showed that
mineral indices can distinguish carbonate rocks from other geologic layers. The
individual index may not be able to classify island karst, but the combination of mineral
indices with other geologic features should be able to support spatial modeling.
Therefore, the hypothesis of this project is that the combinations of different parameters
should be able to generate a remote sensing analysis to predict island karst distributions.
This hypothesis includes using filtering and supervised classification such as Threshold
Analysis and Nearest Neighborhood Analysis to assist image classification. It is
suggested that different caves should have different correlation between vegetations,
water, elevation and its position. Therefore, rock type measurements from satellite
images, correlations of vegetation and landforms, correlations of water moisture and
landforms, and correlated landform position can be used as the parameters to define karst
features and their characteristics. It is also suggested that even simple carbonate island
such as San Salvador, Bahamas should have different types of carbonate rock formations.
The origin and geologic history of each formation should affect its percentage of
carbonate, chlorite and dolomite, and also the maturity of the carbonate. Therefore, pixel
extractions from precise ranges of carbonate index, dolomite index and carbonate-chlorite
index may not be the best fit for classification, but still enhance the prediction and
adjustment for spatial modeling.
The results showed that predictions of island karst distributions from the spatial
model were accurate. It is also showed that fuzzy based spatial model provided a higher
accuracy results, and is able to validate by using forecasting verification and regression
models. The statistical results are an error percentage smaller than the spatial error of
GPS.
2

CHAPTER II
LITERATURE REVIEW
Definition of “Karst”
Karst is mostly defined as the unique landform from solution and dissolution
developed in a soluble geologic layer. According to Ford and Williams (2007), karst is
“the landscape created by dissolution and solution on the soluble rock, such as limestone,
halite, and gypsum”. According to White (1988), Palmer (2007) and Gvozdetskii (1967),
there were about 50,000,000 km2 surface karst in the world, and about 10-15% of the
continental area in the earth has well-developed karst. Palmer (2007) also declared that
these statistics excluded minor karst, buried paleokarst, and solution porosity formed by
deep-seated processes. According to Gunn (2004), karst could be found of every
continent, and with a large percentage in North America, Europe, Middle East, and
Southeast Asia. It is also the major carbon sink in the earth, and some of the karst may
indicate histories of paleoclimate (Mylroie, 2008). Therefore, study of karst is important
to earth systems, especially on detecting environmental change, and supporting works in
structural engineering (Ho, 2011).
Major Research of Karst Studies in 20th century
Major research of karst studies began in late 20th century. The major
contributions of karst studies included the discovery of its carbon sink and historical
climate records characteristics. Previous research indicated that a stalagmite is an
important indicator of paleoclimate, especially the climate change in the Quaternary
3

period (Cosford et al., 2008; Mylroie, 2008; Yang et al. 2008). Mylroie (2008) also
suggested that island karst features such as flank margin caves should be formed in sealevel highstands in the Quaternary; therefore, the elevation of the karst features can
provide evidences of paleo-sea level position in 5e period (Mylroie and Carew, 1990;
Mylroie and Mylroie, 2009; Walker et al., 2008). Another major aspect of karst studies is
the karst processes related to water resources. Groundwater systems in karst are usually
the major groundwater flows in carbonate regions. Locations of karst features such as
banana holes and flank margin caves on carbonate islands can be used to predict the
location of the freshwater lens. This close relationship between karst and hydrogeology is
important for both geologists and environmental engineers. Previous studies have
successfully researched tracing groundwater discharge in carbonate aquifer and karst
systems (Smart and Worthington, 2003; Worthington and Smart, 2003). Past research
also included studying the complex cycle between karst, water pollution and land
subsidence; especially investigating the characteristic of secondary porosity in karst
systems, detecting the relationship between enlargement of second porosity, infiltration
rate and pollution discharge, and exploring the chance of land surface collapse of
development on karst landforms (Mylroie and Carew, 1997; Waltham and Fookes, 2003;
Wilson et al., 1995; Zhou and Beck, 2008).
Based on the past literatures, previous karst research has focused on humanenvironmental interaction. Excluding the fundamental geologic and geomorphologic
research of karst studies, major karst research is focusing on paleoclimate change, the
result of urbanization on karst terrain, and feedback of the carbon cycle on karst regions
(such as agricultural development in karst landscapes).
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Based on the previous research, the scientist must be aware of a research gap.
Comparing with the urban studies, paleoclimate research of karst regions seems to be
taken a less important role in past research. Many researchers are concerned regarding the
effect of urbanization on karst terrain and its relationship to hazards, but seldom noticed
that cave and karst studies could be more than just engineering geology. Research in the
U.S. mainly describes the most serious urban hazards in karst regions, such as sinkhole
flooding and sinkhole collapse (Ho, 2011). Major karst research in the past included
sinkhole related hazards created extensive property damage and human losses (Waltham
and Fookes, 2003; Zhou and Beck, 2008), and urban development on karst landform
might affect surface runoff rate, groundwater flow and its terrain stability, and might
change the probabilities of sinkhole collapse and flooding. (Blansett and Hamlett, 2010;
Campbell, 2005; Hart, 2006; Mills et al., 1991; Ho, 2011; Li et al., 2010a; Waltham and
Fookes, 2003; Zhou, 2006; Zhou and Beck, 2008). Those studies were all surrounding a
term called “sinkhole”, which it made this term to be the “whole” of karst landforms, but
it was actually just a small portion of “karst”. This confusion still happens between
engineering geologists and environmental engineers nowadays. For example, a short
communication in “Solid Earth” in 2011 was attempted to review the role of karst in
environmental and engineering geology, but the author could only state the “important
role” of “sinkhole” instead of the “karst” (Ho, 2011). This review paper only discussed
the general concepts of sinkholes. He stated that a sinkhole is a result of enlargement of
second porosity by dissolution/collapse in carbonate rock, and may be buried by a thick
soil layer, and can also be enlarged by continuing dissolution from infiltration (Ho, 2011;
see also Waltham and Fookes, 2003; Zhou and Beck, 2008). Although the paper has
briefly addressed the important role of caves and karst to paleoclimate, it did not discuss
5

it in details. Furthermore, similar to most engineering geologic papers, this review did not
provide further information of the distinction between sinkhole and sinkhole-like features
but just simply described that: “similar features with different geologic histories in karst
such as banana holes, blue holes and pit caves can have the same or more extensive
geologic hazard potential.” (Ho, 2011, page 156; see also Mylroie and Carew, 1997;
Wilson et al., 1995). This classification, therefore, did not provide an understanding of
karst development, but could only inform people that karst might not be suitable for
urban development. Other researchers such as Chan and Lai (2005) and Darigo (1989)
tried to point out no matter if a sinkhole was visible on the surface, the continuing
development of karst landform may affect stability of the buildings and their foundations.
Those studies have over-stated the problems of karst hazards and the interactions between
karst and urban areas, which limits the research probabilities of karst studies. Because of
the concerns of engineering geologists, understanding the whole karst processes
especially the karst development related to paleoclimate and sea level change in the
Quaternary period (e.g. island karst) became a relatively minor research area in the past
century. There are many research gaps in this area such as formations of island karst
features that should be explored in the future.
Other than the karst processes, there are also a research gap in the techniques for
karst investigation. According to Ho (2011), cave exploration and mapping, dye tracing,
geophysical survey, surface mapping, and modeling are the current techniques for
investigating karst processes. GIS has also been a tool for studying karst in global
research. However, those investigation techniques usually required extensive fieldwork.
LIDAR imaging has been used as an accurate survey for surface karst but the cost of data
collection still makes limitations for further research. LIDAR is also not beneficial for
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meso-scale and marco-scale study, and it may limit the potential geographic extent for
future studies. The Gravity Recovery and Climate Experiment (GRACE) satellite mission
can detect the underground feature changes, such as water table fluctuation but it still
cannot sketch out the whole picture of the underground. For example, detecting the
groundwater storage in an aquifer by GRACE is still a technical gap nowadays.
Furthermore, GRACE is a global-scale mission and its spatial resolution (200 km) would
be too low for the local and regional uses. For future investigation, Ho (2011) suggested
that there may be an alternative method to predict locations of karst features such as
using lower spatial resolution image (e.g. Landsat, SPOT, Hyperion). He also suggested
that integrating spatial model and multispectral satellite imageries with different
parameters such as slope, vegetation and soil moisture, or applying pixel purity index
techniques on hyperspectral images may also be helpful to investigate karst features;
however, those methods are still being investigated or have not yet been practiced for
karst studies.
The major research gaps for karst studies fall into two categories:
a. Investigating karst processes and their geomorphologic histories especially on
carbonate islands and coastal areas, and
b. Developing remote sensing techniques and spatial modeling protocol to support
karst research.
Current research showed that karst features with similar geomorphologic
characteristics but different geologic histories were easy to misclassify (Mylroie and
Mylroie, 2004; Purkis et al., 2010a; Purkis et al., 2010b; Shinn and Purser, 2010). Karst
landforms, such as glaciated karst landscapes, sinkhole plain morphology and maze
caves, have confused researchers in landform analysis. Moreover, karst features in
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carbonate islands and coastal areas usually caused more confusion than karst in
continental settings. Rather than a relatively deeper understanding of karst landforms in
inland areas, the geomorphologic and hydrogeologic characteristics of island karst are
still being investigated. Although karstologists, such as J.E Mylroie, J.L.Carew and H.L.
Vacher, have developed a series of important hypotheses for island karst, it is still
difficult to define hypogenic caves, flank margin caves and sea caves, and have confusion
between common sinkhole features and sinkhole-like island karst features such as banana
holes, blue holes and pit caves.
Karst studies can sometimes be treated as an interdisciplinary subject. Previous
studies have tried to investigate the spreading rate of disease and the break down rate in
the chain of biological cycle in karst landscapes (Boulton et al., 2003; Li et al., 2010b).
There were also a lot of research to agricultural study the relationship of carbon, nitrogen
and phosphorus cycles in karst landscapes (Chen and Lian, 2010; Li et al., 2006; Zhang et
al., 2007). The spatial location of karst and its storage, usage, and its correlation with
pollution were also the main topic of water resource research (Wang et al., 2001; Li et al.,
2001b). Karst terrain is a very complex earth system, and the understanding of karst
processes can enhance future study such climate change and water resource research.
However, before understanding the karst landscapes, it is necessary to have a better
understanding of the local karst landforms, so as to have a better estimation of the
reaction of karst landscapes with different earth system responses (such as climate change
and agricultural feedback). The current research gap is that there is a lack of extensive
investigation methods for karst landforms. Fieldwork and airborne-based imagery have
their own limitations in geographic extent, labor requirements and costs; and it limits the
development for extensive research. Therefore, it should be appropriate to close a
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research gap by developing spatial modeling protocol to estimate karst landform
distribution with low/moderate resolution images.
In order to develop a project to fill the current research gaps, two overviews based
on the comments from previous sections have been conducted in this chapter.
Overview – RS/GPR application for karst investigation
Remote Sensing applications enable mapping of different geologic features by
using different combinations of electromagnetic spectrum. The earliest RS/GPR
application for karst investigation can be traced back to mid-1990s. Early research aimed
to detect the karst distribution and locations by geophysical survey (Chamberlain et al.,
2000), and was fieldwork dependent. Beginning with the development of LIDAR
applications, there was great success investigating karren landscapes and surface karst
depression (e.g. sinkholes); however, most of the LIDAR imaging techniques are
airborne dependent. Those field-dependent and airborne-dependent studies limited the
possible geographic extent for research (such as macro-scale study). Furthermore, there
are several critical problems when researchers are using techniques such as LIDAR
imaging to rebuild the topography in digital environment. Firstly, although LIDAR
techniques can develop an extremely high resolution digital elevation model and a virtual
environment for researchers, it usually needs a rather larger storage, which limits the
ability for exploration and temporal research. In addition, using airborne techniques to
investigate landscapes is very expensive. The limitation of geographic extent minimizes
the possibility of meso-scale to marco-scale studies. It creates a difficult task for global
karst studies in the future. Current research usually falls into two directions: 1. Using
satellite images to estimate the occurrences of natural hazards (e.g. probability of
9

sinkhole collapse), 2. Improving the techniques to predict karst locations and
distributions. Beginning in the 21st century, researchers started to develop spatial models
to solve the investigation problems. Siart et al. (2009) successfully used a combination of
digital elevation models (SRTM/ASTER) and high resolution satellite imagery
(Quickbird) to map karst depressions. This method reduces the resolution bias of DEM
and improves the data quality of the topography dataset without using any airborne
device. Purkis et al. (2010a, 2010b) attempted to study “undersea maze karst” by
Quickbird images. Although several researchers (Shinn and Purser, 2010) commented
that Purkis research was not conducted properly (wrong theory and assumption of karst
geomorphology), the techniques it used still can be referenced to study karst landforms in
the future. Overall, remote sensing application is still applicable to karst geomorphologic
mapping, but the major problem of this research is how to reduce the cost and expense of
collecting and processing data, and how to expand the study into a larger geographic
extent. Current GIS tools such as sink tool in ArcHydro can briefly predict the karst
depression locations, but it usually gets bias from imperfections and resolution in the
DEM (Siart et al., 2009). Furthermore, particular karst landforms such as island karst
have a specific inversed topography (such as pit caves) which cannot be predicted by
flow direction and catchment. Therefore, using satellite image to predict island karst is
still a major current research gap. Several previous researchers have attempted to use
basic image classification and low resolution satellite images such as Landsat images to
estimate carbonate rock’s location and to study spatial characteristics of flank margin
caves on carbonate islands (Walker, 2006, Toekpe, 2006). However, those techniques did
not provide significant results for predictions. Therefore, the future success of applying
remote sensing to karst studies should be using spatial modeling to enhance remote
10

sensing applications. The spatial modeling methods can reduce the cost of buying
expensive high resolution satellites imageries, and at the same time increase the accuracy
of karst prediction.
Spatial Modeling with satellite imageries have been worked on different themes
of research. Integrating the spatial modeling techniques with image classification
methods such as Geo-object based model and segmentation classification has shown a
significant success in feature extraction (Blaschke et al, 2000; Burnett and Blaschke,
2003; Benz et al, 2004). By using those image classification methods, different features
can be clearly separated from poor quality satellite images. Another famous method of
spatial model with satellite imageries is the fuzzy-based spatial model. This method
integrates spatial modeling techniques with fuzzy logic image classification and
successfully increases the quality of low resolution image and increases the accuracy of
feature extractions. Based on those methods, surface karst such as karren landform may
also be predicted by low resolution image such as Landsat 5.
Other than directly predicting karst by remote sensing, researchers also started to
explore carbonate rock by multi-thermal band satellite images. Ninomiya and Fu (2002)
developed a carbonate index by using TIR Bands (Band 13 and Band 14) from ASTER
images. This index attempted to separate carbonate landforms from igneous rock layers.
This study significantly separated a carbonate rock layer, mafic rock layer and felsic rock
layer, although the research also showed the original carbonate index may be easily
affected by temperature change. Rowan and Mars (2003) attempted to use a combination
of SWIR Bands (Band 7, 8 and 9) in ASTER image to classify a carbonate geologic
layer. This approach also showed success in distinguishing carbonate layers from other
geologic layers, but still contained bias. The major problem of Rowan’s approach was its
11

carbonate-chloride prediction. The prediction was controlled by both carbonate and
chloride percentages, and it may affect the accuracy of results in landforms with complex
geologic activities. Other than directly applying the mineral indices to classify carbonate
landforms, those indices may be more beneficial to future study when they are applied as
parameters for future model development.
Therefore, applying remote sensing and spatial modeling techniques to study karst
landforms would be the novel direction for research in the future. To apply those
techniques into karst studies, several common geospatial problems may also be needed to
be considered. Li (2005) reviewed that geospatial data handling usually fell into scale
issues. Research with geodatabases and satellite imageries may fill with accuracy
problems for both resolution and vector scales. For example, validation for remote
sensing analysis would need to have empirical data. The results of karst estimation from
remote sensing analysis should be in polygon features, however, most karst geodatabases
usually indicated cave as a point features or line features (Walker, 2006, Litwin, 2008).
This situation may be involved with an inconsistency of scales in validation, and it may
also be affected by the common Modified Areal Unit Problem (MAUP). To solve this
problem, point features may need to face a difficulty of how to allow changing sizes in
different scale, and line and polygon features may have different generalization problems
to compare data with point geometry. The analysis results may also face with the problem
to define cave boundary. Unlike other features, cave boundaries are curvy and the ratios
of curves usually represent caves with different geologic histories. The accuracy of cave
predictions from remote sensing analysis may therefore be affected by the complexity of
generalizing cave features and defining cave boundaries. Furthermore, according to
Marceau (1999), MAUP can also affect data quality. Marceau and Hay (1999) suggested
12

that different zonal selections of spatial data will affect the accuracy of modeling results,
and remote sensing data and digital terrain modeling would get the greatest impact from
this MAUP problem. A detailed karst study usually combines different types of data from
field survey and computer modeling to perform the analysis. The complex relationships
between each parameter such as the karst feature itself, geologic factors, hydrological
condition, topography and morphometry may be easy to fall in the MAUP issues during
classification. Different scales and resolutions between DEM, satellite images and
empirical data also create MAUP during analysis. Therefore, a successful spatial
modeling and remote sensing analysis for karst study needs to find out the solution to
prevent MAUP or to minimize data facing MAUP during analyses and assessments.
In conclusion, using spatial modeling and remote sensing to assist karst studies is
no longer unusual. According to Gao and Zhou (2008), the ability and full potential
application of GIS and Digital Based Management Systems to karst studies has been well
explored in past few years. The only concern of spatial modeling and remote sensing
techniques is to maintain data quality for analysis in the future.
Overview – Island Karst
The origin of island karst was from the study of special karst features on
carbonate islands. Mylroie and Carew (1990) suggested that the caves in carbonate
islands had different geomorphologic characteristics than the continental setting, which
might be a result from Quaternary sea-level change. Past research indicated that isotope
record from stalagmites and flowstones in the carbonate island's caves provided
Quaternary climate proxies with paleo-glacioeustacy evidences (van Hengstum etal
2011), and the caves at carbonate islands were at approximately the same elevation as
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sea-level highstands and the top most layer of mixing zone in the Quaternary period
(Mylroie and Carew, 1988). Based on this evidence, island karst is defined as one of the
best site for preserving Quaternary climate in the world. Recently, research has started to
discover that island karst’s theory can apply to coastal areas with similar geologic
features (Florea etal 2007, van Hengstum etal 2011). Van Hengstum even renamed and
grouped the island karst features into a new title – coastal karst basin, so as to attract
more public concern. He defined that the coastal karst basin is an environment with cave
features forming during sea level changes, but it is basically the same definition as island
karst (van Hengstom et al., 2011). The different between coastal karst basin and island
karst is that the karst geomorphology just expanded from carbonate islands to coastal
regions with carbonate rocks. Van Hengstum etal (2011) suggested that the coastal karst
basin were influenced by the Quaternary and Holocene sea-level change and may or may
not have the site-specific characteristics. It is useful to extract the general concept of karst
processes in the Quaternary period during sea-level change, and may be able to reduce
the duplication of similar karst features. However, based on the original thought from
Mylroie and Carew (1988, 1990), it suggested that different cave features in coastal karst
basin could quantify different geologic histories in the basins and could sketch out the
detail progression changes of sea level in the past. Although some karst features such as
flank margin caves and banana holes may face the duplication problems, it is actually
better in explaining every stage of karst processes during a sea-level highstand. Current
thought of banana hole genesis (Infante et al., 2011) states that it may be a post-stage of
flank margin caves from dissolution, or may be immature flank margin caves due to the
distance from the flank margin. This theoretical concept may actually help researchers to
understand the direction and magnitudes of dissolution processes in mixing zones during
14

sea-level highstands. By this theory, a complexity of cave titles in carbonate islands may
be more worthy to define the boundary of each progression stage during sea-level change,
and would be more useful to understand the Quaternary period’s climate.
Current research gaps of island karst would fall into two categories. Firstly, the
fundamental concepts of island karst are still necessary to develop fully. Secondly, an
advance technique to explore and validate the theory would need to be applied to the
study in the future. Current research of island karst is field-based oriented. It limits the
exploration process. Remote sensing can help the researchers to approximately define the
island karst locations, and to reduce the time and cost to explore island karst in the future.
Furthermore, remote sensing analysis can also be used as a validation for the past
theories. The combination of remote sensing and spatial modeling techniques to study
island karst would be an innovative study direction in the future.
According to Mylroie and Mylroie (2007), island karst should be the karst on
carbonate islands. It usually falls into four situations: Simple Carbonate Island,
Carbonate-Cover Island, Composite Island and Complex Island. The simple carbonate
island is the island with only carbonate rock about or above sea level. Carbonate-cover
island is the island which may have non-carbonate rock underneath the surface, but the
surface of the island is covered by carbonate rock. Composite island is the island with
high amount of carbonate rock exposures, but at the same time, there is also subaerially
exposed non-carbonate rock. Complex island is similar to composite island, but with a
certain amount of interfingering of units and faulting existing on the island. Although the
setting of each type of carbonate island is different, those carbonate islands usually
involve with common island karst features. These karst features are usually elevation
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oriented and may be possible to distinguish from remote sensing techniques by different
parameters.
Common island karst includes the following features: flank margin caves, banana
holes, pit caves, blue holes and lake drains. The flank margin cave is a unique karst
feature on carbonate islands, which is developed by mixing zone dissolution. According
to Mylroie and Carew (1990), flank margin caves formed during the highstand of sea
level. Its particular characteristics of forming under the flank of the landmass at the freshwater lens margin usually creates cave located 1m to 7m above current sea level, and
with a hillside cave entrance. Past studies also indicated that these caves usually created
the largest caves in carbonate islands, and was assigned as “hypogenic” caves because of
lack of direct relationship between surface hydrology and the cave itself.
Banana holes are a sinkhole-like karst features in carbonate islands. They are also
formed by the distal mixing zone and usually developed at the top of the freshwater lens.
The ceiling of the banana holes usually at the same elevation, which at most can be
around 7 meters (just above the top of the freshwater len). Previous studies also indicate
that banana holes were using for cultivating bananas and other specialty crops in the
islands (Harris et al, 1995; Jackson and Bates, 1997), and its landscape ecology is
particular in carbonate islands. According to Toepke (2006), banana holes can also
somewhat called “water-table caves” because it is usually indicating the current or
historical water-table in a carbonate island. Past literature also indicated that the hole
itself usually width-to-depth ratio less than one (Harris et al, 1995), and with an extensive
roof collapse, or a subsequent surface expression. Recently Infante et al. (2011) have
offered a new interpretation, in which the banana holes develop in prograding strand
plains. As the progradation continues, the fresh-water lens margin migrates as well and
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the developing caves are abandoned and new ones develop at the new lens margin. This
new interpretation make banana holes a sub-category of flank margin caves.
The pit cave is another sinkhole-like karst feature which usually is found on the
top and sides of hills. It sometimes has a very dense clusters, and are absent from
Holocene rocks (Harris et al., 1995). Unlikely flank margin caves and banana holes, the
pit cave is independent from sea level change, mixing zone and fresh water lens
dynamics. Its void in vadose zone usually linked to epikarst (Pace et al, 1993), and with
an either rather rocky surface (epikarst landscape) or usually with the tallest trees on
carbonate island (landscape within the void).
According to Mylroie et al. (1995), the blue hole is a particular island karst
feature with a water-filled vertical opening wall. It can be saltwater oriented or freshwater
oriented. The saltwater oriented blue holes are usually acted as the response tidal effect,
and it creates unique coastal-like ecosystems in inland settings. Current research
indicated that sediments in blue holes can be a good demonstration of earth history.
Other karst or karst-like features in carbonate islands also includes lake drains and
pseudo karst (Walker, 2006; Walker et al, 2010). In order to develop the spatial model for
investigating island karst on carbonate islands, those specific characteristics for each
island karst feature would be useful for setting up particular parameter for study.
Therefore, by reviewing the past literature and research of remote sensing and
spatial modeling application of karst studies, the most challenges of using geospatial
technique to support karst studies would be how to improve the island karst investigation
and detection methods by using different dataset and satellite image.
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CHAPTER III
OBJECTIVES
The objective of this project is to develop spatial models by using remote sensing,
spatial statistics and GIS techniques to predict island karst features on carbonate islands.
The long term goal of this project is to apply this technique to global studies, to develop a
series of spatial protocols to obtain karst data from remotely sensed data, and to reduce
the labor intensities of field works in the future.
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CHAPTER IV
METHODS
Site Description
This study was conducted on San Salvador, The Bahamas. San Salvador Island
has been classified as a “Simple Carbonate Island” in carbonate island karst model
(Mylroie & Mylroie, 2007). The Simple Carbonate Island is formed by extensive
carbonate rock, with no igneous rock underneath and no intersection with igneous rock. It
usually finds karst features formed by the fresh-water lens (mixing zone of seawater and
freshwater) and with no surface catchment. Karst features in typical simple carbonate
islands usually includes coastal karst basins /island karst features such as flank margin
caves, banana holes and pit caves, and blue holes. Previous studies indicated that the
karst formation of the islands were from the major sea level highstand during Marine
Isotope Stage 5e (MIS 5e) in the Quaternary period. The classical carbonate unit on this
island is eolian calcarenties (eolianite). The eolianite on San Salvador Island also shows a
very unique relationship with typical subtidal carbonate facies (Carew and Mylroie,
2001). Terra rossa paleosol is also present on the island and has been used as an
indication of rock formation from the Pleistocene period. The carbonate rocks there are
eogenetic. The eogenetic rock provided poor initial permeability characteristics because
of its lack of integrated porosity, and hypogenic conditions usually formed with
aggressive deep phreatic waters and decoupled from surface hydrology. These
characteristics lead to relatively lower water moisture content in Pleistocene carbonate
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rock formations than Holocene sediments. Figures 1 and 2 are the geologic map and the
stratigraphic column for San Salvador Island (Infante, 2011).

Figure 1

Geologic Map of San Salvador, The Bahamas
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Figure 2

Stratigraphic Column in San Salvador Island, The Bahamas (Infante, 2011)
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Data Selection and Spatial Modeling
This study used ASTER 1A Satellite Imagery (Figure 3) and Landsat 5 TM
Imagery (Figure 4) and to identify potential island karst features such as flank margin
caves, pit caves, and banana holes. Landsat 5 TM images are the satellite imageries from
USGS with 30m resolution and ASTER image is a multi-thermal imagery with 14 bands.
It has 15 meters resolution for visible bands and NIR bands, 30 meters resolution for MIR
bands, and 90 meters for thermal bands. Furthermore, 10 m DEM from Bahamas
government was used as the input data for spatial data (Figure 5). Data from Bahamian
Cave and Karst Geodatabase (Walker, 2006) and GPS data from previous field work was
used for preliminary analysis and data calibration.

Figure 3

ASTER 1A Satellite Imagery – San Salvador Island, The Bahamas
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Figure 4

Landsat 5 TM – San Salvador Island, The Bahamas

23

Figure 5

Digital Elevation Model – San Salvador Island, The Bahamas

The first stage of this spatial model is developed by unsupervised classification
with vegetation, slope and elevation. Landsat 5 Thematic Mapper (TM) data are used in
this stage of research. Those data were obtained by the Landsat 5 satellite at Feb 4, 2007
and retrieved from USGS website in May 2011. About 95% cloudless data are within the
image. Digital elevation model (DEM) of this analysis was rebuilt by the 1972
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topographic map from the Bahamas Government. It was digitized to the computer as a
contour shapefile and converted to DEM with 10 meters resolution. Cave data from San
Salvador Geodatabase (Walker, 2006) were used as empirical data for supervised
classification. Table 1 shows the details of the input data of this model.
Table 1

Input data for NDVI and NDWI Models
LandSAT 5 TM

DEM

Empirical Cave Data

Raster

Vector (Point)

10m

-

Feb 4, 2007

1972

2006

USGS

1972 topography map

San Salvador

from Bahamas

Geodatabase (Walker,

Government

2006)

Satellite Imagery
Data Type

Raster

Ground Sample 30m
Distance
Acquisition
Date
Source

Number of

7

NA

NA

Bands

Before the classification, Landsat 5 TM was converted to a Normalized
Difference Vegetation Index (NDVI) raster layer with 30 meters resolution by
unsupervised classification for vegetation analysis. NDVI is a vegetation index, which
can normalize the effect of red band and near-infrared band in Landsat image:
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NDVI = (Infrared – Red) / (Infrared + Red) (Gamon et al., 1995)

(1)

According to the area of interest (AOI) data from Walker (2006) geodatabase,
most of the AOI fall into NDVI between 0.5 and 0.6 for banana holes in the histogram,
and between -0.1 and 0.6 for the flank margin caves. Therefore, NDVI between 0.5 and
0.6 was set as the extraction criterion and was converted to a density slicing map for
banana hole's prediction, and NDVI between -0.1 and 0.6 was using for predicting flank
margin cave's location. According to Infante et al (2011), banana holes can be the
consequence of development from flank margin caves. This characteristic may explain
why both criteria are overlapped.
Furthermore, since previous studies indicated that flank margin caves should be
found within 1-7m elevation and the entrance of banana holes should be found on the top
of fresh water lens (Harris et al., 1995; Mylroie & Carew, 1990); an elevation criterion of
1-7 meters was used for flank margin cave's prediction and 3-7 meters was used for
banana hole's estimation. Also according to previous studies, banana holes were usually
found at an extensive flat area and flank margin caves were usually found on hillsides.
Therefore, the slope criterion of banana hole's prediction of this model was preset as 0-10
degree (flatland) and of the flank margin cave's prediction was preset as 10-20 degrees
(gentle hillside).
Figure 6 shows the conceptual model flow of flank margin cave and banana hole
prediction.
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Figure 6

Conceptual NDVI Model (Flank Margin Cave/Banana Hole)

To detect the possible locations of pit caves, NDVI and slope were used as the
parameters of that model. Pit caves are usually found on the hilltop and the elevation of
hill can be varied in location (Harris et al, 1995). Therefore, elevation has been excluded
from the model. Based on the brightness values (BV) of histogram from AOI data from
Walker’s Geodatabase (2006), NDVI between 0.4-0.5 was used for pit cave prediction's
model. Based on the characteristic of eolianite hills in Bahamas, parameter of slope
greater than 20 degrees was set as the model criteria to predict pit cave's location. Fig. 7
shows the conceptual diagram of the pit cave’s model.

Figure 7

Conceptual NDVI Model (Pit Cave)

The second stage of this spatial model was developed by unsupervised
classification with moisture content, slope and elevation. NDWI (Normalized Difference
Water Index) was used as the normalized index for studying moisture content in this
model.

27

The following is the equation of NDWI:
(MIR - NIR)/(MIR+NIR)

(Gao, 1996)

(2)

Based on the supervision from San Salvador Island’s data from Walker (2006), the BV
histogram of AOI shows that approximately 0.0 – 0.3 will be the best reflectance to be set
up as the criteria of the model. A density slicing map was created for NDWI input. Same
as the previous model, elevation 3 -7 meters and slope from 0 – 10 degrees were used as
the unsupervised parameter of this model. Fig. 8 shows the conceptual diagram of the
NDWI-based model.

Figure 8

Conceptual NDVI Model (Banana Hole)

The third stage of this spatial model was developed by unsupervised classification
with mineral content index such as carbonate index, and unsupervised classification with
slope and elevation. ASTER 1A images and cave data from San Salvador databases are
used in this stage. The ASTER image was obtained in Mar 22, 2006 from Earth Remote
Sensing Data Analysis Center (ERSDAC) and with 99% cloudless data. Table 2 shows
the details of the input data of this model.
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Table 2

Input data for Mineral Index Models
ASTER 1A Satellite DEM

Empirical Cave Data

Imagery
Data Type

Raster

Raster

Ground Sample 15m – VNIR, 30m – 10m
Distance

Vector (Point)
-

SWIR, 90m –
Thermal

Acquisition

Mar 22, 2006

1972 (digitized at 2010) 2006

ERSDAC

1972 topography map

San Salvador

from Bahamas

Geodatabase (Walker,

Government

2006)

Date
Source

Number of

14

NA

NA

Bands

The image was converted to three raster layers based on the following indices:
-

Carbonate index (Ninomiya and Fu, 2002)

-

Carbonate and chlorite index (Rowan and Mars, 2003)

-

Dolomite index (Rowan and Mars, 2003)

Carbonate index is a mineral index, which can normalize the effect of multithermal bands in ASTER image:
Carbonate Index = Band 13 (Thermal Band 1) / Band 14 (Thermal Band 2)
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(3)

Carbonate and chlorite index is a mineral index for ASTER image, which can
normalize the effect of multi-SWIR bands and is used to distinguish carbonate/chlorite
rock from other rock layers:
Carbonate and chlorite Index = (Band 7 (SWIR Band 1) + Band 9 (SWIR Band 3))/
Band 8 (SWIR Band 2)
(4)
Dolomite index is a mineral index for ASTER image, which can normalize the
effect of multi-SWIR bands and is used to distinguish rock with reflectance similar to
dolomite from other rock layers:
(Band 6 (SWIR Band 1) + Band 8 (SWIR Band 3))/ Band 7 (SWIR Band 2)

(5)

Based on the AOI from Walker (2006), the reflectance range about 1.6 – 2.7 are used as
the criteria of the dolomite index model. Same as the previous models, elevation about 3 7 meters and slope from 0 – 10 degrees were used as the unsupervised parameter of this
model. Fig. 9 shows the conceptual diagram of the model developed by mineral indices.

Figure 9

Conceptual Mineral Index Model (Banana Hole)

The fourth stage of this spatial model is based on an Object-based model.
Segmentation, filter analysis and fuzzy logic model was used for obtaining karst features
from satellite images. Fig. 10 shows the conceptual diagram of the Object-based model.
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Figure 10

Conceptual Diagram (Fuzzy Logic Model)

By using the Object-based modeling concept, two sets of spatial models have
been developed. The first set of model is the non-weighted fuzzy logic models. Every
parameter is treated as “same weight” in this model.
Validation and Statistical Analysis
Geologic Map from San Salvador GIS database was used for validating the data
(Walker, 2006). Fieldwork data from Lou Infante and John Mylroie in the Hard Bargain
area and the Line Hole area on San Salvador at Dec 2010 and May 2011 were used as the
ground truth data for validation (Infante, 2012). By comparing the results of the models
and ground truth data, the validation is to study the percent correct and percentage of
error between the predictions and the actual locations of the caves. The acceptable error
of the models is approximately lower than 10%
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Kernel Density, Percent Correct (PC), False Alarm Ratio, Probability of False
Detection (POFD), Critical Success Index (CSI), Stepwise Regression, Logistic
Regression, Akaike's Information Criterion (AIC), and Spatial Regression were used as
validation and reporting the accuracy of the models in this study.
Kernel Density is a spatial statistics to study the spatial correlation between
locations and independent variable. A higher kernel density means there is a higher
spatial correlation of independent variable between each neighborhood feature.
Percent Correct is a method to estimate the percentage of positive prediction
matching with the testing sample. The following is the equation of PC:
(a + d)/(a+b+c+d)

Predicted Yes
Predicted No

(5)

Observed Yes

Observed No

A

b

c

d

Higher PC means that there are more chances to have successful predictions.
False Alarm Ratio (FAR) is a method to estimate the percentage of prediction not
matched with the observed data. The following is the equation of FAR:
b/(a+b)

(6)

Higher FAR means that the prediction should have higher chances to have false
alarms in the model.
POFD is a method to estimate the percentage of false detection in the prediction.
The following is the equation of POFD:
c/(a+c)

(7)

Higher POFD means the models have more detection that is false.
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CSI is a method to estimation of successful prediction. The following is the
equation of CSI:
d/(a+b+c)

(8)

Higher CSI means the prediction is more accurate.
By using in this study, a high PC and CSI also means there is a higher probability
of the model to locate where the island karst is.
Stepwise Regression is a semi-automatic method to accept or reject each
parameter. It is used as the parameter detections for fuzzy logic model development in
the project. During the process of stepwise regression, the model will increase the
parameter one by one. When there is no significant change between the model with new
parameter and without new parameter, it means that the corresponding parameter is not
significant to the model. By using R-squared and F-test, ranks of parameters would be
generated. Higher rank of the parameter means that it gets a higher correlation with the
dependent variable. Besides, the parameters fall into the area with no significant change
in R-Square, those parameters are usually the independent variable, which it will not be
chosen to use in the future model.
Logistic Regression is a method to estimate correlation between logic dependent
variable and independent variables. Akaike's Information Criterion (AIC) is a
measurement to estimate how fit the model can be. AIC is usually based on the maximum
likelihood, and bias and the variance. A lower AIC usually indicates that the model is
better fitted to the prediction.
Spatial Regression is a method to estimate the spatial correlation. Higher R-square
and low standard deviation residual mean that the spatial correlation between the
dependent variable and independent variables is higher.
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CHAPTER V
RESULTS AND DISCUSSIONS
Figures 11 show the results from supervised spatial model using vegetation cover,
slope and elevation as the parameters.

Figure 11

Banana Hole Prediction (NDVI Model)
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After selecting from the ground truth data from Lou Infante and Dr. John Mylroie
(taken from Dec 2010 and May 2011), 241 banana hole data were used to validate and
were included within the sensitivity analyses. There were also 100 non-banana hole data
(random generated by areas with no karst, such as a lake) are used as the validation
dataset and input data for sensitivity analyses. This dataset excludes the data with the
cloud-covered problem so as to minimize the random bias. After validation by the
selected ground truth data and selected non-banana hole’s data, about 204 banana holes
fell into the prediction area. There were also 100 correct rejections (non-banana holes
ground truth data fell into non-banana hole prediction area). Percent correct was about
89% to the total ground truth data. The percentage of error in this model was 11%, which
is relatively low and is acceptable in the first stage of the model. Other than the percent
correct, this model also showed low false alarm ratio and probability of false detection
(POFD), and high critical success index (CSI). The false alarm ratio of this model was
0%, and the POFD was 0%. The CSI in this model was 85%. Furthermore, comparing
with the geology map from San Salvador Geodatabase, most banana hole and flank
margin cave predictions fell into Undifferentiated Pleistocene and Undifferentiated
Grotto Beach Formation, which were the geology layers usually associated with island
karst features. There was one exception, which was a prediction located at the Unlithified
Holocene geology layer. However, this error is arguable and can be excluded from the
analysis. The validation of geologic map is based on the boundary of geologic layers on
the map. Because the boundaries were defined by the existed geologic features on the
island, some of the geologic records might be missing (due to the weathering and
erosion). At the same time, some of the geologic records in the islands are discontinuous.
Therefore, the geologic map may not be accurately estimated, and the result from this
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model may help in the revision of this map. A further study of dating the rock in the
overlapping area can be done to verify the map and prediction.
Figure 12 shows the results from supervised spatial model using moisture, slope
and elevation as the parameters.

Figure 12

Banana Hole Prediction (NDWI Model)
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By using the same dataset above, 217 banana holes fell into the prediction area,
and 98 non-banana holes were correct rejections. This is about 92% percent correct and
most predictions were located within Pleistocene and Undifferentiated Grotto Beach
Formation. Other than the percent correct, this model also showed low false alarm ratio
(1%) and probability of false detection (2%), and high critical success index (89%). It
indicates that the second stage of the model is accurate, but at the same time, there may
be a bias within the two sets of models. Based on the results from models in two stages, it
shows that the distribution pattern and percent correct of the two models are similar.
Because both models have used the slope and elevation as the parameters, the results may
also indicate that slope and elevation is actually the largest contribution in the model.
NDVI and NDWI may not have contributions in these sets of models.
Figures 13 and 14 show the results from using mineral contents (carbonatechlorite index and dolomite index), slope and elevation as the inputs of spatial model.
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Figure 13

Banana Hole Prediction (Carbonate-Chlorite Model)
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Figure 14

Banana Hole Prediction (Dolomite Model)

Because of the poor spatial resolution (90 m) of the thermal band, the texture of
raster layer generated by carbonate index was very homogenous. Therefore, the results of
the spatial model with carbonate index, slope and elevation is approximately the same as
the one with only slope and elevation. It indicates that carbonate index did not contribute
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to the model, and the attempt of using carbonate index to predict island karst is not
applicable.
Carbonate-chlorite index and dolomite index provided a better distinction
between each pixel. The raster images of both indices had a much more heterogeneous
texture than NDVI and NDWI. By using the reflectance range of 1.6 – 2.7 from
supervision, the carbonate-chlorite index model had about 214 hits and 89 correct
rejections. The percent correct of this model is 89%, the false alarm ratio is 5% and the
CSI is 85%. However, other than its high percent correct and critical success index and
low false alarm ratio, this model showed rather high probability of false detection
(11.2%). It indicates that the model contains random errors and the carbonate-chlorite
index may produce noise to the spatial model. Comparing with the predictions and the
geologic map, some of the predictions were within the lake boundary.
The model from dolomite index showed a better accuracy than the carbonatechlorite index model. By using the reflectance range of 1.6 – 2.7 from supervision, 232
banana hole data fell into the predicted area and there were 85 correct rejections. The
percent correct is about 93%. This model also showed low false alarm ratio (6%) and
high critical success index (90%). However, there is also a risk of false detection in this
model. Without testing the results with POFD, some predictions still can visually be
noticed that fell within the lake area. After checking with POFD, it showed that there was
15% false detection in this model. Therefore, this dolomite index should be useful as a
controlling factor of the spatial model, but it cannot be used as the only parameter in this
model. Furthermore, based on the geologic map, it indicated that there is no known
dolomite on San Salvador Island. Because dolomite index is a reflectance index of its
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mafic level, it can also be interpreted as a result of the maturity of the carbonate rock
formations.
To more statistically test the result and develop the future protocols, a
sensitivity analyses and stepwise regression was done before developing the fuzzy logic
models. Kernel density was used in this research for the sensitivity analyses. Based on the
natural breaks (Jenks) method, the kernel densities of each parameter were separated into
“high-high” and “low-low” correlations. For the NDVI variables, 80% of banana hole
data fell into the high-high correlations and 100% of non-banana hole data fell into the
low-low correlations. It indicates that the banana hole locations are highly correlated with
NDVI and this variable can be used as fuzzy logic model development.
For the NDWI, 59% of banana hole data fell into the high-high correlations and
100% of non-banana hole data fell into the low-low correlations. It indicates that the
correlation between the banana hole location and NDWI is not very high (only 59% of
the banana hole locations can be explained by NDWI). This variable may have potential
errors in further predictions.
For the contour variables, 96% of banana hole data fell into the high-high
correlations and 100% of non-banana hole data fell into the low-low correlations. It
indicates that the banana hole locations are highly correlated with contours, and this
variable can be used as fuzzy logic model development.
For the slope variables, although 100% of non-banana hole’s data fell into the
low-low correlations, there were only 46% of banana hole’s data falling into the high
correlations. It indicates that the correlation between the banana hole’s location and slope
is low (less than half of the banana hole locations can be explained by slope). This
variable may have potential errors in further predictions.
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For the “carbonate-chlorite” variables, 87% of banana hole data fell into the highhigh correlations and 100% of non-banana hole data fell into the low-low correlations. It
indicates that the banana hole location is highly correlated with carbonate-chlorite index
and this variable can be used as fuzzy logic model development.
For the “dolomite index” variables, 88% of banana hole data fell into the high
correlations and 100% of non-banana hole data fell into the low correlations. It indicates
that the banana hole location is highly correlated with dolomite index and this variable
can be used as fuzzy logic model development.
Tables 3 - 4 show the result from stepwise regression.
Table 3

Stepwise Regression (With X and Y Factors)
Stepwise (ALL)
Rank
1
2
3
4
5
6
7
8

Var
(NDWI)
(NDVI)
(Dolomite)
(Contour)
(X)
(Carbonate-Chlorite)
(Slope)
(Y)
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Rsquared F-stat
0.501 204.185
0.505 102.886
0.505 68.479
0.507 51.507
0.508 41.022
0.508 34.086
0.507 28.955
0.507 25.156

Table 4

Stepwise Regression (Without X and Y Factors)
(NO X and Y
Stepwise Variables)
Rank

1
2
3
4
5
6

Rsquared F-stat
0.501 204.185
0.505 102.886
0.505 68.479
0.507 51.507

Var
(NDWI)
(NDVI)
(Dolomite)
(Contour)
(CarbonateChlorite)
(Slope)

0.507
0.507

41.012
33.871

This stepwise regression was based on the 241 banana hole data from Infante and
Mylroie’s fieldwork in Dec 2010 and May 2011. The fieldwork data, which was not
within the spatial extent of the ASTER image had been excluded from the selection.
Based on the 241 data, 205 random data points were generated as the training sample. It
is about 85% of the selected dataset. Another 15% (36 records) were used as the testing
sample. Two stepwise regressions were run based on the training sample.
The first stepwise regression model was developed by eight independent
variables. The independent variables included X-coordinates, Y-coordinates, NDVI,
NDWI, Slope, Contour, Carbonate-Chlorite Index and Dolomite Index. The regression
model showed that NDWI was the best parameter to be used to predict island karst
distribution. The initial R-square of the regression model was 0.501. It indicates that the
predictions from NDWI should be trustable. NDVI ranked at the second, dolomite index
ranked at the third and contour ranked as the fourth. The regression model also showed
that slope and carbonate-chlorite index were not suitable to use as the parameters for
predictions. It reversed the previous predictions that NDWI and NDVI were not
significant in the models. Based on the stepwise regression, NDWI and NDVI were
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actually taking important roles in estimations, but the slope may create noise. To avoid
the bias from spatial location, the second stepwise regression was done without using X
and Y coordinates as the independent variables. The results showed similar to the first
model, and the initial R-squared is about 0.501.
Therefore, two fuzzy logic models were built after the stepwise regression. The
first model was the one without considering the factors from stepwise regression. All six
parameters (NDVI, NDWI, Slope, Contour, Carbonate-Chlorite Index and Dolomite
Index) were used to predict the karst landform (Figure 18).
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Figure 15

Banana Hole Prediction (Fuzzy Logic Model with All variables)

By using the 205 training samples from the Infante and Mylroie field data, a range
of 0.0 – 0.25 was used to extract predictions from the result of fuzzy model. By using 341
banana holes and non-banana data, there are 220 hits and 97 correct rejections. The
percent correct of the prediction was about 93% in this model. This model also showed
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low false alarm ratio (1%) and probability of false detection (3%), and high critical
success index (90%).
The second model was the one considering the factors from stepwise regression.
Only NDVI, NDWI, Contour and Dolomite Index were used as the parameters (Figure
16).

Figure 16

Banana Hole Prediction (Fuzzy Logic Model with stepwise variables)
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After using the 205 training samples from the Infante and Mylroie field data, a
range of 0.0 – 0.25 was used to extract predictions from the result of fuzzy model. By
using 341 banana holes and non-banana data, there are 224 hits and 99 correct rejections.
The prediction had a 95% percent correct, which is significant higher than the fuzzy logic
model without stepwise regression. This model also showed better false alarm ratio
(0.4%), probability of false detection (1%) and higher critical success index (93%) than
the first model. It indicated that the stepwise model is more accurate.
Two logistic regression models were run to validate the result from the fuzzy
logic models. These models were validated based on the Akaike's Information Criterion
(AIC). The first model (without stepwise regression) had an AIC equal to 14. The AIC of
the second model (without stepwise regression) was about 10. Since higher AIC usually
indicates that the model has more bias and uncertainty, the AIC results from two models
showed that the one with stepwise regression was significantly better than the one with
all variables included.
To validate the fuzzy logic models, geographic weight regression modeling was
also conducted. Geographic weight regression is a spatial regression modeling method to
study the correlation between independent variable and dependent variables. It provides a
better analysis than logistic regression model because it is not considering the linear
correlations between each variable, but also the spatial correlation. By using the
validation dataset with 341 points, two geographic weight regressions have been
conducted. The first model is the one using all six parameters as the independent
variables (Figure 17). Standard Deviation Residual (STD residual) was used as the
detection of error. By using the standard of STD residual between – 1 and 1, 88.6% of the
predictions were within this range. It indicates that the model is acceptable, but it still can
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be approved. The second model is the one only using parameters from stepwise
regression (Figure 18). There are 91.5% prediction have a STD residual between – 1 and
1. It is significantly better than the first model. It also indicates that this model is accurate
and the prediction from this model is trustable.

Figure 17

Geographic Weight Regression Model (All variables)
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Figure 18

Geographic Weight Regression Model (stepwise variables)
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CHAPTER VI
SUMMARY
This research attempted to use spatial modeling and remote sensing analysis to
predict island karst distribution. The main contribution of this study is that it validates the
correlation between island karst and its corresponding spatial position (e.g. elevation).
However, this study is also limited by the ground truth data. Because the ground truth
data were obtained at the cave entrance by Trimble GPS, the validated data was presented
as point features in GIS. It creates a MAUP problem with no solution during statistical
analysis. The modeling data are generated as polygon format. Therefore, Percent Correct
becomes the only practical statistical analysis for validation in this study. Because GPS
points can only provide coordinates but not area information, it may have potential bias
and errors to apply statistical analyses such as probability of false detection (POFD), false
alarm ratio (FAR), critical success index (CSI) and bias to this study. Even there are
enough GPS coordinates to generate polygons, it is still not applicable to use as
validation. Those datasets may be in polygon features with two scales, and the scale and
scaling effect still leads to the MAUP problem. Furthermore, there are lots of areas on the
island that are extremely rural, and are not in the GPS coverage. It creates an unknown
false ratio of the models, and the results from the model may also be needed to revalidate in the future.
Other than the uncertainty, this study showed particular evidences of how NDWI,
NDVI and dolomite index reacted in these spatial models. Based on the geologic map, it
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did not show that there were any dolomite-rich landforms on the island. By the texture of
the NDVI and NDWI results, it is rather homogenous. The high ranks of the parameters
in the stepwise models may actually be caused by hidden factors. The dolomite index is
usually used as predicting dolomite location for mineral extraction. However, the method
itself is actually indicating the reflectance of different rock layers with their level of
mafics. The level of mafics of the rock can also be an alternative indication of rock
maturity, since same rock with different mature level should have different color and
reflectance. Therefore, the dolomite index may actually work as distinguishing different
level of rock maturity in each geologic layer on San Salvador Island in the project. The
high rank of NDVI in stepwise models may be caused by two reasons. The first reason
may lead to a false detection in the study. The second explanation falls into the vegetation
coverage of banana holes. Based on the fieldwork evidence on San Salvador Island, most
of the large banana holes were usually covered with bare soil, or very little vegetation.
The reflectance of the banana area may be different than the coastal beach area and
woodland area. NDWI is an index for detecting surface moisture. Its accurate result is
believed to be an evidence of the close relationship between water table and banana holes
on San Salvador Island.
This study also develops an important cornerstone for karst studies with remote
sensing in the future. Although the model still has bias which needs to be resolved, the
results of this study provide information that spatial modeling with satellite images and
DEM is able to estimate the island karst distribution. The attempt of using Landsat 5 TM
and ASTER 1A in this study also indicates that proper uses of moderate spatial resolution
imageries may be able to support the prediction of island karst features. Previous karst
studies (Seale et al, 2008) usually took serious concerns on spatial resolution especially
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predicting karren distribution. Researchers usually tried to use extreme high resolution
imageries such as airborne-based LIDAR imaging to estimate the karst locations.
Although those methods have a great success for sinkhole mapping, the techniques they
use cannot be used to predict buried karst. Furthermore, those images are usually rather
expensive (compared to Landsat and ASTER), and have a limitation when working on
meso-scale and macro-scale geographic extent. Therefore, this study provides an
alternative path for researchers to study karst in rural areas in the future. Excluding the
coastal karst basin in main continents, island karst usually settles in carbonate islands and
is in a rural setting. However, island karst also acts as an important groundwater resource
in carbonate islands. For example, Guam has been defined as composite carbonate island.
This island has lack of surface hydrology, and the water resources of this island were
depended on the rainfall. The discovery of island karst on this island successfully helped
local people to discover alternative water resources. Since the carbonate islands are
usually in a rural setting, it limited the ability to discover water resources by using high
resolution images. High spatial and spectral resolution images are usually expensive,
local government may not have enough money to take the risk to discover water
resources in this alternative method. Furthermore, images such as AVIRIS and ASIA
only had a very little coverage globally. Most of the carbonate islands did not have
existing data from those high resolution images. Therefore, the approach of using low
resolution images and DEM took an advantage for future study and water assessment on
the carbonate islands. This study indicated that 30 meter resolution satellite image did
briefly support the exploration. A 10 meter DEM was also able to predict the island karst
distribution. Therefore, the future direction of this study should be using ASTER DEM
(15m) and the ASTER 1A (30m) / Landsat 5 TM (30m) for the analysis. ASTER DEM
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provides a relatively high spatial resolution terrain model for global use. It also has a very
well global coverage. A combination with this DEM and the ASTER 1A / Landsat 5 TM
should be able to limit the time to explore island karst in the future.
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