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Objectives

Rising sea levels and modern development pose a threat to the 102 archaeological sites in
the National Register of Historic Places located within 5km of Florida’s coast. With 10% of its
landmass less than 1m above mean sea-level (Noss 2011, 4) and over 2,100km of coastline
(FOCC 2010, 1), Florida’s coastal cultural resources are especially vulnerable to increased sea-
level rise over the next century (Thieler and Hammar-Klose 2000; Thieler and Hammar-Klose
1999). Excavation and documentation of all coastal sites is impossible. However, cultural
resource managers can use vulnerability indices to prioritize preservation and documentation of
resources most at-risk before they are lost forever. Therefore, we will be creating a cultural
resource vulnerability index (CRVI) for Florida’s coastal archaeological sites based on their
location, shoreline vulnerability (SV), and land use. This will allow us to map and rank the
vulnerability of Florida’s coastal archaeological sites.

Our main project goal is to rank the vulnerability of the archaeological sites in our study
area in order to produce a decision-making tool for cultural resource managers in Florida. This
will produce a map and infographics showing vulnerability scores and rankings. We also want to
explore the impact of events, such as hurricanes, on the erosion rates of Florida. Finally, we hope
to determine what, if any, impact hurricanes have on the shoreline vulnerability of Florida’s
coast in order to determine if hurricane’s and other climate related events should be taken into

account in future coastal vulnerability and cultural resource vulnerability indices.

Background and Site Setting

Twenty-first century sea-level rise poses a risk to cultural resources in coastal regions.
Ancient settlements, architectural features, artifacts and burials along the coast are frequently
inundated, exposed and washed away by the deleterious effects of wind and water. (Reeder-
Myers 2015, 436-437; Robinson et al. 2010, 312-313). The fill around these archaeological sites
holds information that is key to understanding past societies, and as soon as the fill is disturbed,
that knowledge is lost (Reeder-Myers 2015, 437; Van Rensselaer 2014, 373, 379; Reeder et al.
2010, 187). This makes identifying and documenting those sites most at-risk of critical
importance (Robinson et al. 2010, 313).

Because of the pace at which archaeological sites are being lost to climate change,

researchers have begun to model vulnerability of and risk to archaeological sites in coastal



regions in hopes of identifying coastlines on a national and regional scale (Revell et al. 2011;
Thieler and Hammar-Klose 2000; Thieler and Hammar-Klose 1999), and specific archaeological
sites on a local scale (Reeder-Myers 2015; Van Rensselaer 2014; Reeder et al. 2012; Westley et
al. 2011; Robinson et al. 2010; Fitzpatrick et al. 2006), that are particularly vulnerable to the
effects of climate change and rising sea levels. The dynamic and uncertain nature of the effects
of climate change make the importance of identifying vulnerable areas as soon as possible even
more important.

Florida is especially vulnerable to the effects of sea-level rise. The USGS National
Assessment of Coastal Vulnerability to Sea-Level Rise for the contiguous United states showed
Florida’s entire Atlantic coast having a moderate to very high vulnerability (Thieler and
Hammar-Klose 1999), and its Gulf coast having a mostly moderate risk (Thieler and Hammar-
Klose 2000). Florida also has more than 2,000km of coastline, the maximum elevation of the
entire state is less than 122m (FOCC 2010, 1), and approximately 10% of the state sits one meter
or less above sea-level (Noss 2011, 4). The most recent IPCC report predicts a rise of 26 - 82cm
of mean sea-level globally by 2100 (IPCC 2014, 59-60). Other estimates believe the rate of sea-
level rise (SLR) will increase as we move through the 21* century and predict up to 200cm of
rise (Van Rensselaer 2014; Saha et al. 2011, 82; Reeder et al. 2010, 190; Erlandson 2008, 167).
A 30cm rise in sea level causes coastal systems to become erosional (Saha et al. 2011, 82),
making even the most conservative estimates of sea-level rise potentially catastrophic to
Florida’s coastal areas. A rise in relative sea level of 30cm in Florida will cause the rapid retreat
of shorelines with sand beaches, mangrove swamps, salt marshes, and marl levees (Wanless et al.
1994, 200). Nearly all of Florida’s coast fits into one of these categories (Thieler and Hammar-
Klose 2000; Thieler and Hammar-Klose 1999). A 30cm rise in sea level will also lead to
inundation of low-lying coastal areas and a loss of freshwater resources due to saline intrusion in
ground water (Wanless et al. 1994, 200). In addition, Florida is more likely to be struck by a
hurricane than any other state, with a hurricane making landfall every two years and a strong
hurricane hitting the state every four years (Malmstadt et al. 2009, 108). The loss of cultural
resources to hurricanes can be catastrophic, with an estimated 1000 historical and archaeological
sites along the northern coast of the Gulf of Mexico having been destroyed by Hurricane Katrina
alone (Erlandson 2008, 168). Therefore, Florida’s coastal archaeological sites are at risk of

disappearing if action is not taken to document, excavate, or preserve them.



Methodology

We will be assessing the vulnerability of coastal archaeological sites listed in the
National Register of Historic Places in Florida by constructing a cultural resource vulnerability
index (Reeder-Myers 2015; Reeder et al. 2012). Using geographic information systems to
quantify the risk of individual archaeological sites by creating CRVI’s allows researchers and
cultural resource managers to make informed decisions based on the effects of erosion, SLR and
other coastal hazards (VVan Rensselaer 2014, 374). All the vulnerability indices discussed in this
paper have relied either on historical data (Reeder-Myers 2015; Thieler and Hammar-Klose
2000), or modeling future sea-level rise (Westley et al. 2011). We will be using historical data to
create our vulnerability indices because the data for this methodology is more robust. The
vulnerability of each site is assessed by its location in the landscape, how vulnerable the closest
shoreline to the site is, and the modern land use at and around the site (Reeder-Myers 2015, 437).
A score is then generated for each site using the following equation (Reeder-Myers 2015, 437):

2(D+E) + 3(SV) + 2(LU)
3
This equation places the greatest emphasis on the site’s distance from the coast (D) and its

CRV =

elevation (E), followed by the vulnerability of the shoreline closest to the site (SV) and the
modern land use near the site (LU). Raw values are normalized on a 1 to 5 scale for distance,
elevation and shoreline vulnerability (Reeder-Myers, personal communication). Land use is
ranked categorically on a 1 to 5 scale (Reeder-Myers 2015, 438-439). Each of these key concepts
is discussed in detail below (Figures 1 and 2).

Shoreline vulnerability indices help researchers quantify coastal hazards using a general
equation (Van Rensselaer 2014, 376). We used geomorphology(a), coastal slope(b), relative sea-
level rise(c), shoreline erosion(d), wave height(e), and tidal range(f) to calculate SV. The USGS
performed a study of the entire coastline of the contiguous United States and calculated SV with

an unweighted formula (Thieler and Hammar-Klose 2000, 1999):

axbxcxd*xexf
SV =

6

The issue with unweighted formulas is that they assume all factors are of equal importance. The

scope of this project did not include investigation into the importance of variables to determine if



an unweighted formula, such as this one, would be most appropriate or if a weighted formula
could provide more accurate results.

Reeder-Myers performed a study on a regional scale of sites in California, Texas and
Virginia and calculated SV with a weighted formula (Reeder-Myers 2015, 439):

V_4(a+b+c)+ 3(d) + 2(e +f)
B 6
We did not use Reeder-Myers’ formula, however, since we were unable to obtain justification for

the weights in the formula. Again, an attempt to validate the weights in this formula was outside
the scope of this project. With more time and resources, it would have been appropriate to
investigate the potential of a weighted shoreline vulnerability formula specific to Florida. In
addition, we explored the effects of hurricanes on the vulnerability of coastlines and have that as
its own variable outside of the SVI. By overlaying historic hurricane tracks in the coastal areas
for which we have historic shoreline change data, we attempted to quantify the impact of
hurricanes on shoreline change.

Due to concerns of looting, the Florida State Archaeologist’s office could not provide any
data as to the location of specific archaeological sites. However, they did provide a polygon
shapefile with all 1718 sites in Florida on the National Register of Historic Places. Other CRV
studies used a 5km coastal buffer as their study areas (Reeder-Myers 2015, 437), so we
performed a 5km buffer inland from the coast. We first attempted to define the coast as the Om
elevation contour line derived from NOAA LiDAR data (Digital Coast). That did not produce an
accurate coastal representation since many areas of Florida have a coastal elevation below Om.
Another possibility would have been to manually digitize a shoreline using the LIiDAR datasets
available, but time and resources did not allow for that. For the sake of expediency, the shoreline
data we used was a vector from NOAA ENC created with a resolution of 1:150,001 — 1:600,000
(NOAA Office of Coastal Survey). The 5km buffer from this coastline gave us 1105 sites. We
then reviewed the remaining sites and manually removed sites that were not archaeological sites,
parks or excavations, which left us with 102 sites. A further review of the data to remove
shipwrecks and other sites already underwater left us with 67 sites to rank with our CRVI.

The key concept location consists of elevation and distance (Figure 1). Elevation is
defined as meters above mean sea level (Reeder-Myers 2015, 439-440; Reeder et al. 2012, 193).
The digital elevation model (DEM) used to calculate site elevation was a 5m gridded composite



with a 1cm vertical resolution created by the University of Florida GeoPlan Center (see Table of
Data Sources) using LIDAR data from NOAA coastal LIDAR, Florida Fish and Wildlife
Conservation Commission and Northwest Florida Water Management District. LIDAR data was
collected from 2004-2010. Contours of 1 and 2m, as well as 5 and 10ft, were used throughout the
state, so vertical accuracy varies, but all data are within National Map Accuracy Standards for
vertical accuracy, which require 90 percent of all points tested to be within % of the contour
interval. Reeder-Myers used the polygon centroid of sites to calculate elevation (2015, 440).
Since the vertical resolution of our DEM is 1cm, as opposed to the approximately 10m resolution
used by Reeder-Myers’ (Reeder-Myers 2015, 440), we calculated the site elevation by averaging
all elevation values within the site polygon. For cells split by polygon arcs, we counted the cell
as part of a site if more than 50% of the area of the cell was in the site.

After mean elevations were calculated for each site, we normalized the valuesonalto 5
scale, with 1 representing the highest elevations (Table 3). The relationship between elevation
and coastal vulnerability is not linear (Reeder-Myers 2015, 439), with a site sitting 1m above sea
level being exponentially more vulnerable to sea level rise than a site 5m above sea level. In
addition, the distribution of the raw elevation values was skewed heavily to the right. Therefore,
we used a geometric classification scheme in ArcGIS that is meant to highlight differences
within a cluster (New Mexico’s Indicator-Based Information System, “Data Grouping Options
for NM-IBIS Maps™), which we had with our elevation values.

Distance is defined as the shortest straight-line distance in meters from a site to the
coastline (Figure 1). As with elevation, previous studies used the polygon centroid of sites to
measure distance (Reeder-Myers 2015, 439-440; Reeder et al. 2012, 192-193). We measured the
shortest planar distance from the edges of each site polygon because our data has a higher
horizontal resolution than previous CRVI studies. We normalized distance valuesona 1 to 5
scale, with 1 representing the farthest site distance from the coast. As with elevation, distance
does not have a linear relationship with risk (Reeder-Myers 2015, 439) and the distance
distribution was skewed right. We again used a geometric classification scheme to highlight
differences within a cluster with a right-skewed distribution (NM-1BIS, “Data Grouping Options
for NM-IBIS Maps”™).

The key concept of shoreline vulnerability (SV) is calculated based on geomorphology,

coastal slope, relative sea-level change, shoreline erosion, tidal range, and wave height (Figure



1). We used a planar distance to identify the nearest point on the coastline to each site’s polygon
edge, and used those points on the shore to calculate values for each variable in the SVI. We will
refer to these points as coastal SV points throughout this paper.

Geomorphology is defined as the erodibility of the underlying sediments and is one of the
major contributors to the vulnerability of shorelines (Thieler and Hammar-Klose 2000).
Geomorphology categorical values were derived from aerial photography and satellite imagery
in the USGS CVI study (Thieler and Hammar-Klose 2000; Thieler and Hammar-Klose 1999).
We did not have the time or resources to reevaluate shoreline geomorphology with updated
images, so we extracted values from the USGS CVI study that intersected our coastal SV points.
The Florida coastline only contains geomorphology that falls into the three highest categories for
vulnerability: (3) low cliffs and alluvial plains; (4) cobble beaches, estuaries and lagoons; and (5)
barrier/sand beaches, marshes, and mud flats (Figure 3). Since we did not have the original
landform types associated with the category values (Table 4), we did not use separate
classifications for our two site vulnerability calculations. Therefore, the geomorphology variable
did not have a great influence on the variability between the two ranking systems we used for
site vulnerability.

Coastal slope measures the relative risk of a stretch of coastline to inundation, as well as
its potential for shoreline retreat. Low-sloping areas will experience more rapid shoreline retreat
and be more susceptible to inundation from sea-level rise, as well as storm surges (Thieler and
Hammar-Klose 2000; Thieler and Hammar-Klose 1999). To compute coastal slope, the USGS
study and Reeder-Myers’ study used topographic and bathymetric elevation data that extended
50km seaward and landward from the coast. They then used a 10km radius for each coastal cell
to identify the highest and lowest elevations and calculated the slope percentage for each cell,
adjusting the radius where necessary if the 10km extended over the continental shelf (Reeder-
Myers 2015, 440; Thieler and Hammar-Klose 2000; Thieler and Hammar-Klose 1999). The
topobathic/bathymetric NOAA LiDAR is incomplete for Florida, and several data sources
reclassified water cells to all be -1. Therefore, we used NOAA bathymetric data with 90m
horizontal resolution and 1m vertical resolution for our seaward measurements. We used the 5m
gridded DEM with 1cm vertical resolution for our landward elevation values (see table of data
sources). Since our study area extended only 5km landward, we used a 5km radius when

identifying the maximum and minimum elevation values for each coastal SV point. Coastal slope



was recorded as a percentage by dividing the elevation change by the distance between the two
extreme points and then multiplying by 100. Several points within the 5km buffer had the same
maximum or minimum values. To determine which points to use in our slope measurement, we
calculated the planar distance between each maximum elevation point and all other minimum
elevation points within each buffer and vice versa. We then took the pair of extreme elevation
points for each buffer that had the shortest planar distance between them. By using the shortest
distance between the maximum elevation points, we calculated the steepest possible coastal
slope percentage for each coastal SV point.

Because of lack of available high-resolution bathymetric data for the entire Florida coast,
we used two separate spatial and vertical resolution datasets. This should not introduce much
error into the final results for two reasons. The shoreline serves as a natural barrier between the
two datasets, which means that the maximum elevation always came from one dataset, while the
minimum always came from the other. In addition, we were only using one point from each
dataset to calculate coastal slope. Therefore, any error that might have been introduced when
calculating this variable would be minimal.

After slope percentages were calculated for each coastal SV site, we normalized the
values on a 1 to 5 scale using the Jenks method in ArcGIS, with 1 representing the steepest
slopes (Thieler and Hammar-Klose 1999). We wanted to set our class breaks where the biggest
differences in the values were, so the Jenks method was appropriate (de Smith et al. 2015,
“Classification and Clustering”).

Relative sea level change is the increase or decrease in mean water elevation over time.
The rate of change in sea level is measured in millimeters per year and is calculated from
historical monthly sea level data collected by National Ocean Service (NOS) tide gauge stations
along the Florida coast. (Reeder-Myers 2015, 440; Thieler and Hammar-Klose 2000; Thieler and
Hammar-Klose 1999). For this original layer, data was collected from the Center for Operational
Oceanographic Products and Services’ (CO-OPS) Sea Level Trends map. CO-OPS computed the
sea level trends for Florida’s 15 tide gauge stations using, at minimum, 30 years of observations.
Measurements were averaged by month, with the effects of episodic events, such as hurricanes,
removed. Since the trends are computed locally, they take into account global volumetric
changes of ocean water (i.e. added water from glaciers, expansion due to warming, and changes

in ocean basin shape), as well as local tectonic processes (i.e. uplift or subsidence) (NOAA,
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2016; Thieler and Hammar-Klose 2000). Along with the trend data, we collected the geographic
locations of the tide gauge stations in order to create a shapefile of the data. We used the spline
method to interpolate the trend values along the coast of Florida as a 45m raster. We chose spline
to produce a surface that went through the 15 data points and selected the tension option in order
to make that surface conform more closely to the data points. Setting the weight parameter (¢) to
10 produced the smoothest surface with a range of values that were close to the range of values
for the data (Esri, 2016a; Esri, 2016b). The raster values were then reclassified into 5 categories
based on natural breaks for the Florida classification and the breakpoints from the USGS CVI
study for the other (Table 4). A score of 1 was assigned to cells with the smallest sea level rise
values.

Historical shoreline erosion or accretion was measured in meters per year (Reeder-Myers
2015, 440; Thieler and Hammar-Klose 2000; Thieler and Hammar-Klose 1999). This rate was
calculated by the USGS Center for Coastal and Watershed Studies (Morton and Miller 2005;
Morton et al. 2004). They used maps, NOAA Topographic Sheets, aerial photography, and
LiDAR to extract shoreline data for four periods: mid-late 1800s, 1920s-1940s, 1960s-1980s,
and 1999. Rates were then calculated using least squares linear regression over these four
historic shorelines at 50m coastal transects, which are lines perpendicular to the coast (Morton
and Miller 2005, 3-5). These rates were stored in a vector shapefile and covered approximately
50% of Florida’s coastline (Map 6). Because of the high density and number of points, we used
the kriging method for interpolation. After reviewing the semivariogram, we decided that
ordinary kriging with a Gaussian semivariogram was appropriate. The interpolated raster did not
cover 5 coastal SV points located in the Florida Keys, so we extracted the raw historical erosion
rate from the USGS CVI1 shoreline vector file where it intersected those five points.

We recorded rates of shoreline erosion with negative values and shoreline accretion with
positive ones. These values were then normalized on a 1 to 5 scale, with 1 representing the
highest accretion rates (Thieler and Hammar-Klose 1999), using the Jenks method to classify the
data where the largest distances between data existed (de Smith et al. 2015, “Classification and
Clustering”).

Tidal range is the vertical difference between the mean high water and mean low water
elevations for a given site and is measured in meters (Thieler and Hammar-Klose 1999). Data for

the mean tidal range was retrieved using the CO-OPS Sensor Observational Service’s spatial-
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temporal query website (NOAA, 2016). We selected all tide gauge stations along Florida’s coast
from the current epoch and the query returned a CSV file containing each station’s geographical
location as well as its mean high water level and mean low water level. A new field, the mean
tidal range, was populated from differencing the mean high water level and mean low water level
for each station. This data file was then converted into a point shapefile as one of our original
data layers. The mean tidal range point values were interpolated along the entire coast using
ordinary kriging. Again, this geostatistical method is used when there is a significant number of
data points (in this case, 595 tidal stations), and also when there there is no known overall trend
in the data. The mean tidal range was then reclassified into five categories using natural breaks
for one reclassification and the breakpoints from the USGS CVI study (Table 4) for the other.

Shoreline vulnerability researchers have classified tidal ranges in different ways. In one
study, high-tide ranges were assigned a high vulnerability score due to association with stronger
tidal currents and their ability to erode sediment along the coast (Gornitz 1997, 27). However,
more recent studies have instead given higher vulnerability scores to coastlines with low-tide
ranges (Reeder-Meyers 2015; Thieler and Hammar-Klose 1999), asserting that storms have a
greater potential to damage a micro tidal coastline since those coastlines are essentially always
near high tide and are thus more susceptible to inundation from storm surges (Thieler and
Hammar-Klose 1999). Keeping in line with the latter two studies we based our project on, we
gave the lowest vulnerability score to the largest mean tidal range. In our analysis, we looked at
the geographic correlation of the tidal range and erosion by differencing the final raster layers
and there was no clear geographic patterning showing that high erosion rates were connected
with either high or low tidal ranges. We then created a Pearson’s correlation matrix to explore
the connection between erosion and mean tidal range (Table 5). The matrix revealed a slight
positive correlation (with a significant p-value) between erosion and mean tidal range with a
Pearson’s r = 0.35.

Mean wave height is the distance in meters between the wave trough and wave crest and
was calculated as a yearly average. Wave height measures the energy of waves and their ability
to move beach sand and other coastal materials. We used mean wave height as recorded at
NOAA buoys along the coast of Florida to represent this variable (Reeder-Myers 2015, 440;
Thieler and Hammar-Klose 1999). After examining the semivariogram, we determined ordinary

linear kriging was the most appropriate interpolation method. We extracted mean wave height
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values from the interpolated layer at each of the coastal SV points. These values were again
normalized on a 1 to 5 scale, with 1 representing the lowest mean wave heights, using the Jenks
method.

Land use quantifies the vulnerability of archaeological sites to modern land use (Reeder-
Myers 2015, 440). We used the 10m land cover raster data from the Florida Fish and Wildlife
Conservation Commission (see table of layer sources) as our main data source. We also used a
Florida Conservation Lands data layer from the Florida Natural Areas Inventory (see table layer
of sources). After extracting the land cover and conservation data for the archaeological sites, we
analyzed and classified each site into one of five land use categories: protected public land;
private or wildland; developed open space; agriculture, low intensity development; medium or
high intensity development (Reeder-Myers 2015, 439). A ranking of 1 was assigned to cells that
were protected public land while a 5 was assigned to cells that had medium to high intensity
development (Reeder-Myers 2015, 439).

We also explored the effect of hurricanes on shoreline erosion and accretion rates.
NOAA'’s National Hurricane Center provides storm track files that contain storms ranging in
strength from tropical depressions to category 5 hurricanes (NOAA, National Centers for
Environmental Information). This dataset contains the dates of the storms, as well as their
strength by wind speed. We removed tropical depressions from the dataset, and then extracted
only hurricanes that cross the Florida Coast.

It must be noted that attempts to predict future vulnerability of areas to hurricane-related
damages requires understanding complex natural and anthropogenic factors in spatial and
temporal contexts, which would require a separate, multi-disciplinary hazard assessment project
(Taramelli et al. 2008, 839-840). Understanding the potential shortcomings of our approach, we
think it is an appropriate first step to quantifying hurricane impact on coastline by measuring
storm frequency and storm strength. Frequency was determined by how many hurricanes pass
over each of the archaeological sites. The area the hurricanes affected was determined using the
radius of maximum wind (Malmstadt et al. 2009, 116-117). The hurricanes were buffered using
the radius of maximum wind at the time of landfall. We then tallied up how many polygons that
each site was in (Xu et al 2008, 1-2). The scores after being tallied will be interpolated and then
normalized on a scale of 1 to 5, 1 representing the areas with the lowest amount of hurricane

passes.
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We used the wind speed at time of landfall to measure storm strength. The coastal area
affected by RMW received the same strength score, with the area outside receiving a zero (Lin et
al. 2014). Each site’s total score will be divided by the total number of storms to strike the same
site to produce the average hurricane strength.

Results and Discussion

We produced two separate rankings of vulnerability for Florida’s coastal archaeological
sites (Tables 1 and 2; Maps 1 and 2). The distance, elevation and land use classifications were
the same for each set of rankings (Table 3). The difference between the two site vulnerability
rankings comes from our use of different classification breaks for our shoreline vulnerability
indices (Table 4). Our national classification system was the one used by the USGS coastal
vulnerability study for the Gulf and Atlantic coasts (Thieler and Hammar-Klose 2000; Thieler
and Hammar-Klose 1999). After classifying the raw data we collected for Florida for each
coastal variable, the resulting histograms were non-normal, with a few variables showing
Florida’s coastline is more vulnerable than the national averages (Figure 3). We also created a
classification system for Florida using Jenks natural breaks (Table 4), which placed the
classification divisions where the largest distance between clusters existed (de Smith et al. 2015,
“Classification and Clustering”). This created more normal distributions for our classified data
(Figures 3-8).

Calculating CRVI (Figure 2) using each of these separate CVI classification systems did
not produce any major differences (Tables 1 and 2; Maps 1 and 2). 13 site’s vulnerability
changed, but none by more than one (Map 3). When moving from the Florida classification to
the National classification, seven sites moved from a vulnerability of high to moderate. Two sites
moved from moderate to low, and two more from high to very high vulnerability. One site each
moved from low to moderate and moderate to high vulnerability (Maps and 2). The Florida
classification produced nine sites with a very high vulnerability (Table 2; Map 2), while the
national classification included the same nine sites, with an additional two, in its most vulnerable
category (Table 2; Map 2).

There was no clear geographic distribution of site vulnerability rankings (Maps 1 and 2).
We then investigated whether there was any geographic correlation between the overall
vulnerability classification and any individual variable’s vulnerability classification. To do this,
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we used the raster calculator to difference the classified values of the site vulnerability and each
individual variable’s vulnerability. This produced no conclusive pattern for any variable, with the
differences being randomly scattered throughout the state.

We also calculated a Pearson’s correlation matrix between the raw value of the coastal
vulnerability and the classified values for each coastal variable (Table 5). We chose to use raw
values for the coastal vulnerability and classified values for the variables because the classified
values of variables were used to calculate a raw score for coastal vulnerability (Figure 2). The
correlation matrix showed each coastal variable except for geomorphology had a significant
correlation with CVI when using a 0.05 p-value. Historic erosion rate had a strong correlation
with an r-value of 0.77 with a p-value less than 0.0001. Sea level rise had a moderate to strong
correlation with and r-value of 0.57, while mean tidal range had a moderate correlation at 0.39.
Coastal slope and mean wave height had weak correlations with CV1, with r-values of 0.27 and
0.24, respectively. These correlation results do not support Reeder-Myers” weighted formula for
calculating shoreline vulnerability:

B 4(geomorph. +CS + SLR) + 3(Eros.) + 2(MWH + TR)
B 6
The correlation coefficients suggest that erosion is the most important factor when calculating

SV

SV. Sea level rise and tidal range are moderately important, with coastal slope, mean wave
height, and geomorphology having the lowest impact.

In addition, there were moderate correlations between erosion and SLR(r = 0.35), as well
as erosion and MTR (r = 0.35). This could suggest that our formula for shoreline vulnerability
has not captured all of the important factors for shoreline erosion rates. This, coupled with the
significant correlation between erosion and site vulnerability, makes it important for future
studies to examine if events, such as hurricanes, have any impact in explaining this correlation.
We did not calculate a correlation matrix for CRVI values and variables because we used a
weighted formula to produce CRVI values (Figure 2). Since we relied on precedent, rather than
statistical evidence, when using the weights in the formula, any correlation results could not be

justified in this paper.
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Sources of Error and Uncertainty

The design of our study and definition of our key concepts (Figure 1) included some error
and uncertainty. We were calculating vulnerability at sites that did not lay on the coast, so we
had to use the closest point on the coast as representative of the coastal conditions for our sites.
Since sites could be up to 5km from the coast, the accuracy of the shoreline vulnerability varies.
Since this method has been used by other studies (Reeder-Myers 2015; Van Rensselaer 2014;
Reeder et al. 2012; Westley et al. 2011), we felt this error was acceptable.

In addition, the results of our study are dependent on the accuracy of the data we used for
each variable. Distance and elevation were relatively error free. The locations of the site
polygons were provided by the Florida state archaeologist’s office, and the DEM we used for
elevation (see table of data sources) was the most accurate state-wide DEM derived from LIiDAR
data. The coastline we used to measure distance from sites to coast was recorded at a 1:150,001 —
1:600,000 scale (NOAA Office of Coastal Survey). This was the highest spatial resolution
coastline we could find. Coastal LIDAR does not exist for the entire state of Florida, but a
combination of the available coastal LIDAR and aerial imagery could allow for the creation of a
more accurate current coastline. Unfortunately, time and resources did allow for the creation of
such a coastline layer in this project.

Several of our variables have values recorded at only a handful of point locations, which
we used to interpolate along the entire coast. This likely introduced some error into our project.
Mean wave height was measured at 15 near-shore NOAA buoys (Map 4), sea level rise data was
available at 15 NOS tidal stations (Map 5), and long-term erosion rates were calculated for
certain stretches of the coast (Map 6). The USGS study used 28 tidal stations to interpolate tidal
range along the entire Atlantic Coast (Thieler and Hammar-Klose 1999) and seven NOS data
stations to interpolate sea level rise values along the Gulf coast (Thieler and Hammar-Klose
2000). Reeder-Myers drew from these datasets for her studies (Reeder-Myers 2015, 440; Reeder
et al. 2012, 193) as well. Until researchers produce more accurate methods for recording coastal
variables, error will be introduced by using relatively small numbers of raw data points and
interpolating values along the coast in coastal vulnerability studies.

We are unable to verify the accuracy of our geomorphology data as well. The
geomorphology variable measures the relative erodibility of the coastal landforms. No statewide
dataset measuring the erodibility of coastal landforms exists for Florida. The state-wide land
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cover dataset produced by the Florida Fish and Wildlife Conservation Commission did include
some information on coastal landform type, but time and resources did not allow for an
investigation of the erodibility of each landform type. Ultimately, we extracted the
geomorphology classified scores from the USGS CVI studies (Thieler and Hammar-Klose 2000;
Thieler and Hammar-Klose 1999) for each of our points along the coast representing the
archaeological sites. Since the USGS dataset only included the geomorphology vulnerability
ranking and not the original landform type, we were unable to create a separate Florida-based
classification for geomorphology and all sites received a vulnerability score of 3, 4 or 5 in both
classification systems (Figure 3).

Some error was likely introduced by the formulas we used to calculate shoreline
vulnerability and site vulnerability (Figure 2). The formula for shoreline vulnerability used

unweighted variables:

a*b*xcxdxexf
SV = c

This assumes all physical variables have equal impact on the overall shoreline vulnerability,
which we do not have evidence to support. Reeder-Myers did use a weighted formula to
calculate her shoreline vulnerability (Reeder-Myers 2015, 439):
V:4(a+b+c)+ 3(d) + 2(e +f)
6
However, she did not explain the justification of the weighting. Ultimately, we used the

unweighted formula because we thought the assumption that all physical variables had equal
effect on shoreline vulnerability introduced less error.

The CRVI we used was a weighted formula created by Reeder-Myers. Her justification
(Reeder-Myers 2015, 438; Reeder et al. 2012, 194) for this was to place the most emphasis on
the location of the site in landscape, thus multiplying the combined distance and elevation
classifications by two. Shoreline vulnerability was the next most important variable, thus
receiving a weight of three. Modern land use at the site was the least important variable for
calculating the vulnerability of an archaeological site, so it received a weight of two. However,
there was no statistical evidence provided in her articles for the weights. Therefore, we cannot
quantify the error introduced by the weights, but must assume that some error was introduced

since her study areas did not include Florida.
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_2(D+E) + 3(SV) + 2(LU)

CRV
3

Conclusion and Future Research

We learned the difficulties of attempting a state-wide study using high-definition data.
LiDAR data was available for many areas of the state, which we attempted to initially use.
Unfortunately, any processing of these datasets on a statewide scale took over 24 hours and was
not viable for this project. After producing a statewide vulnerability index, future research should
be focused on regional studies and the development of more accurate formulas for calculating
both site and coastal vulnerability. For example, focusing on the regions that had multiple very
high vulnerability sites (Maps 1 and 2) would be good places to conduct regional studies. With a
smaller study area, higher resolution topographic and bathymetric data could be used. Several
coastal LiDAR datasets are available in certain areas of Florida between 1999 and 2014,
Shorelines could be derived from each successive dataset to produce more accurate recent
measures of shoreline change and erosion. With funding, researchers could analyze recent aerial
photography and satellite imagery, or conduct field-studies, to record geomorphology. With
higher quality data, researchers could produce weighted formulas that properly represent the
impact of variables relative to each other for certain areas, which could then be reused in areas
with similar coastal environments. It could also help researchers understand more fully the
interactions between the variables.

Hurricane tracks were collected and generated by the National Oceanic and Atmospheric
Administration’s National Hurricane Center. Each track contains the storm name, number, wind
speed, atmospheric pressure, radius of maximum wind, and the time that the reading was taken.
The shapefile contained global hurricane tracks spanning back to 1842. The first thing that we
did was select storms that intersected the Florida coastline and creating a new shapefile with only
the intersecting storms. The tracks are then buffered using each individual radius of maximum
wind. The hurricane frequency will be calculated by tallying how many buffer polygons encircle
each point.

Comparing the normalized hurricane layers to the normalized erosion layers appeared to
show that hurricanes did not have an effect on erosion levels of the Florida coast. The CVI of

each showed that there was no positive or negative correlation connecting hurricane frequency
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and strength with erosion rates. The analysis of these two variables was not accurate due to not
having enough time to run a proper analysis, including correlation with potential error. The
correlations gained here were based on the comparison of the erosion CVI with the hurricane
frequency CVI. These two were divided and that number was used as a comparison. The closer
the number was to zero indicated that the closer the two CVIs were to each other, meaning that
the farther the numbers were from 1, the highest and lowest being 5 and 0.2 respectively. If

more time were available for the project, a better correlation would be calculated.
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Figure 4: Histograms of classified erosion rate values using Florida and

classification systems (Table 4). The distributions were relatively similar, with National classification systems (Table 4). A large majority of sites were

categories 4 and 5 experiencing some relative changes.
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Figure 5: Histograms of classified sea level rise values using Florida and National
classification systems (Table 4). The majority of our points had relatively low SLR
values using the national system.
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National classification systems (Table 4). The distributions were very similar, and National classification systems (Table 4). Our coastal points had very

with a few scores moving from category 4 to 5 in the National system.

low tidal ranges, which led to all sites being classified asa 4 or 5
vulnerability in the national classification.



Map 1: Site vulnerability classifications calculated using the National CVI classifications (Table 4). All sites
with a Very High vulnerability are labeled.
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Map 2: Site vulnerability classifications calculated using the Florida CVI classifications (Table 4). All sites with
a Very High vulnerability are labeled.
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Map 3: Difference in site vulnerability values between the Florida and National classification systems.
Differences were calculated by subtracting CRVI classified values produced by the National CVI classifications
from the CRVI classified values produced using the Florida system.
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Map 6: Location of erosion rates data.

Map 4: Location of NOAA buoys with MWH data.
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Map 5: Location of Tide Gauge Stations for Sea Level Rise and Tidal Range data




Map 7: Normalized Hurricane frequency at the coastal archaeological sites
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Florida Hurricanes with Radius of Maximum Wind Buffer
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Map 8: Hurricanes crossing the Florida coast line with the storms buffered using the Radius of
Maximum Wind (RMW). Coastal archaeological sites are represented as the black dots on the
map.
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Table 1: Ranking of Site vulnerability using the National
Classification svstem for shoreline vulnerability (see Table 4).

Bear Lake Mounds Archeological District
Jungle Prada Site

Butcherpen Mound

Sanchez Powder House Site

Useppa Island Site

Rock Mound Archeological Site

Madira Bickel Mounds

Regina Shipwreck Site

Old Stone Wharf Archeological Site
Osprey Archeological and Historic Site
Pierce Site

Fish Island Site

Crystal River Indian Mounds

Turtle Mound

Grand Site

Georges Valentine Shipwreck Site
Sleepy Hollow Archeological Site
Lignumvitae Key Archeological and Historical District
Weeden Island Site
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[Rank|  SiteName  [CRVIValue]

Madira Bickel Mounds

Regina Shipwreck Site

0ld Stone Wharf Archeological Site
‘World War Il JB--2 Launch Site
Pierce Site

Fish Island Site

Monroe Lake Archeological District
Grand Site

Georges Valentine Shipwreck Site
Sleepy Hollow Archeological Site
Sanchez Powder House Site

Ross Hammock Site

Lignumvitae Key Archeological and Historical District

Weeden Island Site

WL L W L W L L WL W

Table 2: Ranking of Site vulnerability using the Florida
Classification svstem for shoreline vulnerabilitv (see Table 4).



Site Vulnerability Classifications
Variable Very Low Low Moderate High Very High
1 2 3 4 5
Elevation (m) >5.62 5.62-227 227-1.28 128-098 <098
Distance (m) >1006.16 1006.16 - 246.70 246.70 - 58.32 58.32-11.59 <11.59
CVI (Raw) <610 5.10-9.80 9.80-14.14 14.14-2191 >2191
Developed,
Protected . . Developed open Developed, low eve. =
Land Use . Private, wildland . . . medium to
public land space, agriculture intensity o .
high intensity
CRVI (Raw) <5.00 5.0-732 7.32-866 8.66 -10.35 >10.35

Table 3: Vulnerability categories and the breakpoints used to calculate site vulnerability. Distance and elevation
were classified using arithmetic intervals. CVI and CRVI raw values were classified using Jenks natural breaks.
Land use is a categorical variable.

Coastal Vulnerability Oassifications
Variable Vulnerability Very Low Low Moderate High Very High
1 2 3 4 5
Medium diiffs; L hiffs; Cobble Barier heaches;

National Rocky, chiffed i um " uf © o sand beaches; salt

Geomorphology : Fiords indented glac:al dnft; beaches; marsh; mud flats;
coasts alhnvial plains estuary; lagoon

Florida deltas

National >0.2 0.2-007 007 -0.04 0.04-0.025 <025
Coastal Slope (%) )

Florida >1.75 1.75-0.99 0.99 - 0.49 0.49-0.27 <0.27
Relative sea-evel National <18 18-25 25-2.95 295-3.16 >316
change (mm/yr) Florida <2.04 2.04-239 2.39-2.79 2.79-3.18 >3.18
Shoreline National >2.0 2.0-10 10-10 -1.1-2 <-2.0
erosion/accretion (m/yr) |Florida >3.29 3.29-147 1.47 -0.25 0.25--0.44 <-0.44

National >6.0 6.0-41 41-2.0 20-1.0 <1.0
Mean Tide Range (m) )

Florida > (.88 0.88 - 0.65 0.65 - 0.40 0.40 - -0.95 <-0.95

. National <0.55 0.55-085 085-1.05 1.05-1.25 >125

Mean Wave Height (m) )

Florida < 0.66 0.65 - 0.86 0.86 1.03 1.03-1.30 >1.30

Table 4: Vulnerability categories and the breakpoints used to calculate coastal vulnerability for each variable in
each of our classification systems. National classification refers to the values used in the USGS CVI study.
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Pearson's Correlation Coefficient Matrix

Geomorph |CS SLR MWH MTR Erosion CVI_Raw
Geomorph 1 -0.01 0.09 004 0.15 -0.05 0.23
cs -0.01 1 001 -0.22 -0.06 0.1 0.27
SLR 0.09 0.1 1 -0.27 011 0.35 0.57
MWH 0.04 -0.22 -0.27 1 0.03 0.16 0.24
MTR 015 -0.06 011 003 1 0.35 0.39
Erosion -0.05 01 0.35 0.16 0.35 1 0.77
CVI_Raw 0.23 0.27 0.57 0.24 0.39 0.77 1

P Values

Geomorph [CS SLR MWH MTR Erosion CVI Raw
Geomorph |— 0.9104 0.4465 0.7313 0.2228 0.7172 0.0602
cs 09104 — 0.925 0.0768 0.6407 04029 0.0271
SLR 04465 0925 — 0.0289 0.3938 0.0041 0.00
MWH 0.7313 0.0768 0.0289 — 0.7893 0.1924 0.0529
MTR 0.2228 0.6407 03938 0.7893 — 0.0042 0.0012
Erosion 07172 0.4029 0.0041 0.1924 0.0042 — 0.00
CVI_Raw 0.0602 0.0271 0.00 0.0529 0.0012 0.00 —

Table 5: Pearson’s correlation coefficient matrix and p values. Coefficients were calculated using the raw CVI scores and the classified
values for the other variables. Highlighted variables have less than a 5% chance of being associated solely as a result of chance. The
correlation of CVI and MWH had a 5.29% chance of being solely due to chance, so it is highlighted in a slightly lighter color.



Table of Data Layer Sources
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Layer

definition

GIS data source(s)

Website

geomorphology

erodibility of landform types

USGS CVI

https://pubs.usgs.gov/dds/dds68/htmldocs
[data.htm

coastal slope

Percent change between
highest/lowest elevations
within 5km radius of coastal
cells

University of Florida GeoPlan
Center (land) / NOAA NGDC
Coastal DEMs (bathymetry)

https://www.qgisinventory.net/GISI-
24441-FLORIDA-DIGITAL-
ELEVATION-MODEL-DEM-MOSAIC-
5-METER-CELL-SIZE-ELEVATION-
UNITS-CENTIMETERS-Digital-
Elevation-Model.html

https://www.ngdc.noaa.qov/dem/squareC
ellGrid/map

relative SLR

historic rates of change in
mean water height)

NOS Tide Gauge Stations

http://tidesandcurrents.noaa.gov/stations.
html?type=Water+Levels

historical erosion

shoreline change from 1850
until 1999

USGS Center for Coastal and
Watershed Studies

http://coastal.er.usgs.gov/shoreline-
change/

wave height

measured distance between
wave trough to wave crest

NOAA buoys - Standard
Meteorological

http://www.ndbc.noaa.gov/

land use

utilization and management
of land

FL Fish and Wildlife
Conservation Commission

http://myfwc.com/research/gis/applicatio
ns/articles/Cooperative-Land-Cover

Site Distance

Shortest distance from site to
coast

NOAA ENC

http://encdirect.noaa.gov/

Site elevation

mean elevation of site

University of Florida GeoPlan
Center

https://www.gisinventory.net/G1SI-
24441-FLORIDA-DIGITAL-
ELEVATION-MODEL-DEM-MOSAIC-
5-METER-CELL-SIZE-ELEVATION-
UNITS-CENTIMETERS-Digital-
Elevation-Model.html

mean vertical distance

original layer -

tidal range between highest and lowest NOS Tide Gauge Stations http://tidesandcurrents.noaa.gov/stations.
tide elevations html?type=Water+Levels
hurricanes storm strength and frequency | NOAA Hurricane Center http://www.nhc.noaa.gov/



https://pubs.usgs.gov/dds/dds68/htmldocs/data.htm
https://pubs.usgs.gov/dds/dds68/htmldocs/data.htm
https://www.gisinventory.net/GISI-24441-FLORIDA-DIGITAL-ELEVATION-MODEL-DEM-MOSAIC-5-METER-CELL-SIZE-ELEVATION-UNITS-CENTIMETERS-Digital-Elevation-Model.html
https://www.gisinventory.net/GISI-24441-FLORIDA-DIGITAL-ELEVATION-MODEL-DEM-MOSAIC-5-METER-CELL-SIZE-ELEVATION-UNITS-CENTIMETERS-Digital-Elevation-Model.html
https://www.gisinventory.net/GISI-24441-FLORIDA-DIGITAL-ELEVATION-MODEL-DEM-MOSAIC-5-METER-CELL-SIZE-ELEVATION-UNITS-CENTIMETERS-Digital-Elevation-Model.html
https://www.gisinventory.net/GISI-24441-FLORIDA-DIGITAL-ELEVATION-MODEL-DEM-MOSAIC-5-METER-CELL-SIZE-ELEVATION-UNITS-CENTIMETERS-Digital-Elevation-Model.html
https://www.gisinventory.net/GISI-24441-FLORIDA-DIGITAL-ELEVATION-MODEL-DEM-MOSAIC-5-METER-CELL-SIZE-ELEVATION-UNITS-CENTIMETERS-Digital-Elevation-Model.html
https://www.gisinventory.net/GISI-24441-FLORIDA-DIGITAL-ELEVATION-MODEL-DEM-MOSAIC-5-METER-CELL-SIZE-ELEVATION-UNITS-CENTIMETERS-Digital-Elevation-Model.html
https://www.ngdc.noaa.gov/dem/squareCellGrid/map
https://www.ngdc.noaa.gov/dem/squareCellGrid/map
http://tidesandcurrents.noaa.gov/stations.html?type=Water+Levels
http://tidesandcurrents.noaa.gov/stations.html?type=Water+Levels
http://coastal.er.usgs.gov/shoreline-change/
http://coastal.er.usgs.gov/shoreline-change/
http://www.ndbc.noaa.gov/
http://myfwc.com/research/gis/applications/articles/Cooperative-Land-Cover
http://myfwc.com/research/gis/applications/articles/Cooperative-Land-Cover
http://www.nhc.noaa.gov/
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