ABSTRACT
WALL, JOHN. Analysis and Characterization of Closed Topographic Depressions. (Under the
direction of Dr. DelWayne R. Bohnenstiehl).
A closed topographic depression is a landform having no lateral surface flow or external
drainage. Such features result from a variety of natural processes including the compaction and
pipping of sediments, dissolution of rock, fluvial incision, land sliding, volcanic explosions, and
movement of ice. These topographic features may also be formed by human activities within a
landscape. Closed depressions are therefore ubiquitous features and, in some areas, they are the
primary source of topographic relief.
A semi-automated workflow and toolbox called HydroCutter is outlined to
hydrologically condition digital elevation models (DEMs) containing manmade dams and
culverts. The approach finds intersections between transportation routes and streams, and then
lowers the elevation surface across routes to stream level allowing modeled flow to pass. The
result of running HydroCutter is a reconditioned elevation dataset, which retains naturally
formed closed topographic depressions, as well as a catalog of suspected culverts. Problematic
areas include extensive road ditches, particularly along divided highways, and where surface
flow crosses beneath road intersections. Limitations do exist for this method and results partially
depend on the quality of data being input.
The efficacy of inventorying closed topographic depressions within karst topography
using an automated fill-difference method on a lidar-derived DEM is evaluated against existing
inventories at Mammoth Cave National Park (MACA) and Apalachicola National Forest (ANF).
The automated method can identify 95% and 87% of manually identified karst depressions at
MACA and ANF, respectively. Additionally, the method increases catalog size by 183% (n =
797) at MACA and 505% (n = 3377) at ANF, providing a more complete representation of these

landscapes. For features larger than ~103 m2 in area and 3-5 m in depth, the resulting distribution
of depression sizes is statistically similar to those within the manual catalogs. The disaggregation
or aggregation of karst features, relative to these existing inventories, is dependent on the local
relief and the density of lidar returns used to generate the DEM.
Where grave markers (e.g., headstones, fieldstones) are absent, closed depressions
formed above a grave might be the only indicator of burial. An automated method is outlined to
ascertain the number of sunken graves at Oberlin Cemetery—a 13,000 m2 parcel of land in
Raleigh, North Carolina that served the largest Freedmen’s community in Wake County. Using a
modified fill-difference approach operating on a terrestrial laser scanning derived DEM, contours
are created where each is described by 13 morphometrics. A binary classification tree was then
used to determine the likelihood of a contour being associated with a sunken grave. From the
calculated metrics, orientation and contour perimeter as well as elongation, compaction, and
difference shape factors were identified as the most meaningful. Of an initial 318 sunken graves
identified in the field and DEM, 238 (75%) were automatically identified by this method along
with a further 210 for a total of 448 confirmed or probable sunken graves at Oberlin Cemetery.
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Abstract
In times of peace and war, individuals may be buried in graves that have no identifying
marker, or their marker may be lost through time. The absence of grave markers hinders the
identification of buried people in both cemeteries and unofficially recognized interment sites.
Oberlin Cemetery, located in Raleigh, North Carolina, U.S.A., is a 3.20-acre (~13,000 m2) parcel
of land that has served the people of Oberlin Village, the largest historic Freedmen’s community
in Wake County, from 1873 to present-day. Utilizing Oberlin Cemetery as a field site, a method
to automatically detect small, closed depressions (i.e. sunken graves) via terrain analysis and
machine learning is developed. This method is evaluated against 318 sunken graves identified
both by field observation and within a digital elevation model (DEM) derived from terrestrial
laser scanning data. A roving window filter was passed over a 0.10 m cell size DEM to locally
detrend the data. The detrended raster was then used as input into a fill-difference routine
resulting in a depth raster that was then contoured at 0.01 m intervals. Thirteen morphometrics
where calculated for each contour to use as predictor variables. Roughly half of the contours (n =
979) were manually classified as ‘likely’ or ‘unlikely’ to represent sunken graves which were
then used to train, validate, and test a binary classification tree. Using interaction-curvature to
determine predictor importance, orientation, contour perimeter, elongation shape factor, and
difference shape factor were identified as the most important morphometrics in determining the
likelihood of a contour representing a sunken grave. The resulting tree had an estimated accuracy
of 82.45%. The entire contour data set was then classified with the resulting ‘likely’ contours
dissolved into one another. This resulted in a catalog of 448 confirmed or probable sunken
graves at Oberlin Cemetery. The automated detection method presented in this study utilizes the
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topographic signal of sunken graves to increase the accounting accuracy of individuals buried
within a site and is expandable to other cemeteries and burial sites.
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Introduction
Methodological background and motivation
When individuals are interred within the shallow subsurface, areas of local subsidence
can develop in response to the compaction of backfilled sediments, the decomposition of
remains, or the collapse of a casket within the subsurface. If burial sites are not maintained over
time, these processes may lead to the development of closed topographic depressions, more
commonly known sunken graves. For graves that are not identified by headstones, or other
markers, these depressions may provide the only evidence for the internment of individuals.
Despite the ubiquity of closed topographic depressions in many older cemeteries and potential
utility as a grave identifier, few studies have attempted to describe (Amari and Alsulaimani,
2016) or inventory (Bon-Harper et al., 2003; Wall et al., submitted) these features.
Sunken graves are geomorphically analogous to sinkholes. Recent efforts to automate the
process of cataloging sinkholes have utilized high-resolution elevation data (~1 m gridding)
derived from airborne light detection and ranging (lidar) systems. The most successful approach,
when judged against field- and aerial-based inventories, have applied a hydrological routine to
fill closed depressions within a digital elevation model (DEM) (Zhu et al., 2014; Doctor and
Young, 2013; Kobal et al. 2015; Bauer, 2015; Wall et al, 2017). The original DEM is then
subtracted from the filled surface model, creating a depth raster from which sinks are defined.
Airborne lidar data has also been widely used for archaeological prospection, particularly
in areas where forest canopy limits the effectiveness of aerial photography and other passive
remote sensing techniques. Much of the focus has been on manually identifying sites, using hill
shades and contrast image filtering visualization techniques (Bewley et al., 2005; Doneus and
Briese, 2006; Hesse, 2010; Chase et al., 2011). More recently, template-matching methods have
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been used to detect individual archaeological features (e.g., pits, and mounds) within lidarderived DEMs (Trier et al., 2015; Schnider et al., 2015). This approach, however, can require a
large suite of pre-defined templates to represent variability in the shapes of these features, and in
practice, this leads to high error of commission rates that limit the utility of the technique (e.g.,
Sevara et al., 2016).
Archaeological features at the scale of an individual burial are not likely to be detectable
in airborne lidar datasets. Sunken graves, however, can be resolved using terrestrial laser
scanning (TLS) equipment that is capable of generating centimeter-to-decimeter scale DEMs
(e.g., Weitman, 2012; Aziz et al., 2016; Wall et al., submitted). This paper develops a workflow
that applies a modified fill-difference method, developed for karst sinkhole identification, to an
ultra-high-resolution DEM for the purpose of automating the detection of sunken graves.
In 2016, a TLS survey and location-enabled pedestrian inventory were conducted at
Oberlin Cemetery located near downtown Raleigh, North Carolina, U.S.A. (Fig. 1). The
cemetery was formally founded in 1873 during the Reconstruction Era (1865-1877) and records
the vernacular cultural traditions of death in a Freedmen’s community, Oberlin Village, through
the Jim Crow Era (1870’s to 1950’s) to the modern day. Wall et al. (submitted) reports the
results of a pedestrian survey of Oberlin Cemetery, which includes a visual cataloging of more
than three hundred sunken graves—most of which are not associated with grave markers. The
undulating topography created by these sunken graves, along with vegetation within the site,
were found to limit the utility of ground penetrating radar surveys at Oberlin Cemetery. This led
Wall et al. (submitted) to consider the presence of a closed depression (sunken grave) as the
primary line of evidence for a burial and for the motivation behind the development of a new
technique to systematically identify sunken graves based on their topographic signature. The
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detection approach uses a binary classification tree, trained using field observations, to classify
closed-contours from a fill-difference derived depth raster based on their morphometric
properties. The final catalog of sunken graves is created by dissolving nested closed-contours
classified as ‘likely’ associated with a sunken grave.
Geomorphology, geology, and pedology
Oberlin Cemetery is comprised entirely of Cecil series soils, which are derived from
quartzofeldspathic gneisses and mica schists (Soil Survey Staff, 2017; Stoddard et al., 1991).
Cecil soils are gently sloping, well-drained, and deep with moderate permeability, water
capacity, and shrink-swell potential (Cawthorn, 1970). The soil A-Horizon (≤ 0.15-0.20 m)
consists of a sandy loam while the remaining horizons are generally comprised of clay that
reverts to loam between 0.86 and 1.05 m (Soil Survey Staff, 2017). The depth to water table in
this area is estimated to be more than 2.00 m (Soil Survey Staff, 2017) while the depth to
bedrock is between 1.83 and 3.05 m (Soil Survey Staff, 2006). Raleigh has an mean annual
temperature of 16 C that ranges from 5 C in January to 26 C in July and enjoys an average of
1.10 m of annual precipitation (NOAA Online Weather Data, 2006). The combination of
temperature and abundant moisture causes the rapid decomposition of organic matter and hastens
chemical reactions in the soils and near-surface bedrock.
Data and methods
Topography survey
A TLS survey was carried out within Oberlin Cemetery during the winter of 2016. A total
of 26 scan positions, at ~25 m spacing, were occupied using a Leica HDS3000 laser scanner
(Fig. 2A). The instrument was configured for a minimum acquisition point spacing of 0.02 m
and a maximum scan range of 30 m. Scans were tied together in Leica Cyclone 9.1.4 to create a
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single, unified point cloud. Tie points for georeferencing the cloud were established in the field
using the corners of ten monuments and their positions were surveyed using a Trimble R10
GNSS-VRS (Global Navigation Satellite System using a Virtual Reference Station) receiver. The
TLS onboard camera was not functioning during the survey resulting in only three tie points
being able to be identified and used. The georeferenced RMSE of the survey was 0.80 m. Points
within the cloud were classified using LASTools (Isenburg, 2014) with ‘wilderness’ and ‘hyperfine’ flags enabled. Ground-classified points were then thinned and gridded at a spatial resolution
of 0.10 m. This resolution is an order of magnitude finer than commonly available datasets
recorded from airborne platforms (e.g. Doctor and Young, 2013; Zhu et al., 2014; Wu et al.,
2016). Using this grid size, 13.38% of cells have ≤ 1 point per cell. The remaining 86.62% have
two or more points per cell, with the average standard deviation of elevation points within a cell
being 0.01 m (Fig. 2B) The spatial distribution of optimally versus sub-optimally constrained
points are shown in Figure 2C where most of the sub-optimally constrained pixels are where
dense vegetation was present. For grid cell locations without sufficient lidar points, but within
two meters of cells with sufficient points, the elevation value was interpolated to create a DEM
(Fig. 2D).
Field Observations
Pedestrian survey data were recorded during summer 2016 using a GNSS-VRS receiver
paired with a cellphone running Trimble’s TerraFlex application (Wall et al., submitted). The
horizontal uncertainty of the positions ranged between 0.01-1.58 m, with an average of 0.17 m.
In addition to inventorying headstones and other monuments within the cemetery, the survey
initially cataloged 357 topographic depressions, which were interpreted in the field as sunken
graves based on their shape, size, and orientation. The southwest corner position of each
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depression was recorded, along with its length, width, and depth as measured using a tape. To
facilitate later comparisons with the TLS data, no attempt was made to remove leaf litter and
vegetation prior to making these measurements.
To accommodate uncertainty in the positioning data, sunken graves identified during the
pedestrian survey were manually matched with the centroids of their corresponding local
depressions observed in the DEM. A total of 39 sunken graves identified in the field could not be
uniquely correlated with TLS recorded topography, resulting in a catalog of 318 sunken graves
(Fig. 3). Of these 265 were unmarked, with only 53 graves associated with headstones,
footstones, or other markers. The field-recorded metrics for these 318 features are described in
Table 1.
Grave Detection from Ultra-High-Resolution Topographic Data
The cataloging of sunken graves is a novel process outlined by Figure 4. It was
implemented here within ArcGIS 10.5.1, but could be applied within most geographic
information systems. A Topographic Position Index (TPI) was calculated on the DEM. The TPI
employs a roving window filter to locally detrend the elevation data thereby elucidating
geomorphic features at the scale of the window (Jenness, 2013). While various window shapes
can be used for a TPI, an annulus, defined by inner and outer radii, was used here. The resulting
TPI raster was then hydrologically conditioned using the Fill tool within the ArcGIS Hydrology
Toolbox. This tool is usually employed to ensure stream delineation is not impacted by small
errors in elevation data; however, in some geomorphic settings, such as karst terrain, these
depressions are likely to be real features (cf. Lindsay and Creed, 2006; Zandbergen, 2010). The
initial TPI raster was then subtracted from the filled TPI raster resulting in a depth raster. This
hydrologic conditioning and differencing method is similar to the fill-difference method outlined
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by Doctor and Young (2013) with the exception of a TPI raster being used. The resulting depth
raster was then contoured at the vertical accuracy of the elevation data (0.01 m). Closed-contours
were then saved for further analysis if their area were within the 95% quantile range (1.0-2.7 m2)
of sunken graves recorded during the pedestrian survey (Wall et al., submitted).
A variety of inner and outer radii pairs were tested for the TPI (Table 2). The optimal
combination was determined by converting derived contours to polygons and then spatially
intersecting them with field identified graves to determine a collocation or capture ratio. An
inner radius of 0.70 m and outer radius of 0.90 m was found to capture the greatest percentage
(90%) of field observed sunken graves and was adopted for this study.
Maximum, mean, and standard deviation of depths within each closed-contour (n =
1,763) were calculated using the Zonal Statistics as Table tool within the Spatial Analyst
Toolbox. Major (imajor) and minor (imin) axes length as well as major axis orientation were
calculated using the Minimum Bounding Geometry (MBG) tool, which fits each contour-polygon
obtained from the depth raster with a rectangle of the smallest enclosing area. Contour and MGB
perimeter (PC, PMBG) and area (AC, AMBG) were automatically calculated and stored within a File
Geodatabase. Elongation (Felong), circularity (Fcirc), and compactness (Fcomp), shape factors
(Table 3) were calculated in Microsoft Excel.
Classifying detections with machine learning
At least one closed-contour associated with each field identified sunken grave was
classified as ‘likely’, as were additional closed-contours displaying a highly idealized ellipse
shape (Fig. 5A, B) (n = 511). For depressions bound by concentric-contours, two contours were
classified to minimize cartographic area bias. Closed-contours not associated with field observed
sunken graves and interpreted as delineating depressions within the natural landscape were
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classified as ‘unlikely’ (Fig. 5C) (n = 468), with an additional 784 closed-contours left
unclassified. Classified contours were randomly split into training and validation (n = 734) and
testing (n = 245) sets. Using the contour metrics describe above, a binary classification tree
(‘likely’ or ‘unlikely’) was grown within MATLAB 2017a. Predictor selection was determined
using interaction-curvature, which minimizes the p-value of a chi-square test of independence
between each predictor and the response as well as each pair of predictors and the response (Loh,
2002). This selection method is ideally suited to constraining the importance of each predictor
especially in the presence of irrelevant variables. Predictor importance was estimated by
summing changes in risk due to splits on every predictor and dividing by the sum of branch
nodes (Mathworks, 2018).
An initial tree was grown using Gini’s diversity index for determining splits. This tree
was pruned using the 1

𝑆𝐸 rule where the best pruning level is the one that has an estimated

error rate within one standard error of the minimum (Fig. 6) (Breiman et al., 1984). Using a tenfold cross-validation model, the pruned tree had a loss rate of 18.05% (Mathworks, 2018).
Predictor importance for the pruned tree indicated that out of the initial 13 metrics, only
orientation, contour perimeter, elongation shape factor, and compactness shape factor were
important (Fig. 7). The withheld test data was then used to determine the predictive tendencies of
the model. The estimated accuracy was 82.45%. The confusion matrix (Fig. 8) indicates 15.4%
of contours classified as ‘unlikely’ to be associated with sunken graves are errors of omission,
while 20.2% of the contours classified as ‘likely’ are errors of commission.
Results
Utilizing a binary classification tree on the entire contour catalog, 1,039 (58.93%)
contours were identified as ‘likely’ associated with sunken graves (Fig. 9), while 724 (41.07%)
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were identified as ‘unlikely.’ Of the ‘likely’ contours, 734 collocated with 238 (74.84%) sunken
graves observed in the field. The remaining 305 ‘likely’ contours describe 210 additional sunken
graves for a total of 448 confirmed or probable sunken graves at Oberlin Cemetery. While there
is some level of ambiguity in the total catalog size due to errors of omission and commission,
this same issue would be encountered with more traditional, manual classification methods.
Of the field identified sunken graves at Oberlin Cemetery that could also be visually
identified in the TLS derived DEM, 80 (26.41%) were not identified by the method outlined here
(Fig. 10). The automatically created contours associated with 32 field observations had areas that
were outside the 95% quantile range (1.0-2.7 m2) recorded during the pedestrian survey (Fig.
11A). The remaining 48 field observations excluded by the binary classifier were associated with
depressions having morphologies that deviated significantly from those in the training dataset
(Fig. 11B). Of these 48, seven correlated with contours in two-to-one relationship due to the
sunken graves coalescing into one another. The remaining 34 field observed sunken graves
collocate with 48 closed-contours, all of which were classified as ‘unlikely’ based on their
perimeter (28), elongation (10), orientation (7), or difference (3).
Discussion
Lidar recorded from airborne platforms, that was of sufficient resolution for site
identification, has been used to identify barrow mounds, pits, and other cemetery features with
dimensions on the order of a few meters (e.g., Crutchley, 2006; Cerillo-Cuenca, 2016).
Automated identification of these archaeological features has relied primarily on templatematching routines. Trier and Pilø (2012), for example, used 12 circular templates, with radii 1.23.4 m, passed over a 1-meter resolution DEM, to identify smelting pits within two forests of
Oppland County, Norway. While the capture rate for these pits, when judged against field
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surveys, was 83.2%, nearly 80% of all detections were errors of commission. Schneider et al.
(2015) mapped charcoal kiln sites using template-matching operating on a 1-meter scale DEM
from an area near Jänschwalde, Germany. They report a similarly high capture rate (73.9%), with
44.6% of all detections representing errors of commission.
While individual sunken graves occur at scales too small to be detected in airborne lidar
datasets, they can be imaged using terrestrial scanning systems (Weitman, 2012 and Aziz et al.,
2016), which yield much higher point densities and support the gridding of DEMs with ~0.10 m
resolution. TLS data, as with lidar systems on other platforms, can record topographic data
below vegetation (Crutchley and Crow, 2009). At Oberlin Cemetery, this was useful when
imaging areas with grass and sparse ivy (Hedera helix) cover, but somewhat less effective in the
most densely covered areas. In areas with little-to-no vegetative cover, topographic data obtained
by high-resolution photogrammetric methods (i.e. Structure from Motion) can also utilize the
cataloging method presented in this paper. Such an approach to topographic data acquisition may
have a lower operational cost and can be less time intensive if conducted using a small
unmanned aerial vehicle (drone).
In this study, we have used a machine learning approach to classify contours, as opposed
to a template matching approach, which has been used in most previous archaeological studies
aimed at terrain feature identification. This choice reflects the amount of variability observed in
the depth, size, and shape of the sunken graves, which would require an exceedingly large set of
templates. While the results of this study cannot be directly compared to previous efforts to
identify archaeological features in coarser-resolution DEMs (e.g., Trier and Pilø, 2012;
Schneider et al., 2015), they demonstrate the potential for machine leaning based approaches to
provide similar capture rates (74.84%) and lower errors of commission rates (20.2%). In many

43

DEM-based template-matching studies, high error of commission rates (40-70%) have
necessitated catalog cleaning methods, commonly using manual review. Machine learning
approaches, which might use detection scores and other predictors derived from a DEM, could
be used to create archaeological feature classifiers that are more fully automated.
In our investigation of sunken graves at Oberlin Cemetery, 13 morphometric descriptors
were originally calculated for each closed-contour; however, only orientation, contour perimeter,
elongation shape factor, and difference factor were found to be useful in determining if a contour
was ‘likely’ or ‘unlikely’ to be associated with a sunken grave. The binary classification tree
trained, tested, and validated here can be further refined and/or applied at other sites.
Wall et al. (submitted) estimated that 517 to 660 individuals are buried at Oberlin
Cemetery based on field observations. Burials of 357 individuals were determined from their
topographic expression alone, or in association with grave markers (e.g. headstones, fieldstones,
flower holders). Of the 357 sunken graves observed in the field, 318 could additionally be
observed in the TLS derived 0.1-meter resolution DEM. The automated method identified 238 of
these graves, as well as an additional 210 not identified by field observations, resulting in a total
count of 448 sunken graves. The 91 sunken graves observed in the field and TLS data that were
not automatically cataloged were missed due to being outside the area threshold (n = 32) or
having deviant morphologies (n = 48).
Conclusions
The workflow outlined here, a modification of the fill-difference method, is an effective
tool for cataloging sunken graves when compared to field observations. Of the 13 morphometrics
calculated for each contour, orientation, contour perimeter, elongation shape factor, and
compaction shape factor were determined to be the most important predictors in determining if a
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contour was associated with a sunken grave or not. The likelihood of a contour being associated
with sunken graves was determined using a binary classification tree which had a test accuracy
of 82.45%. The method was able to identify 74.84% (n = 238) of the field observed sunken
graves. A further 210 sunken graves were identified by this method that were not identified in
the field for a total of 448 confirmed or probable sunken graves. Sunken topography therefore
identifies 46.03 to 67.88% of burials at Oberlin Cemetery.
The approach outlined here uses morphometrics and machine learning to determine if a
detected topographic feature is associated with a sunken grave, thereby removing subjective
decision making; furthermore, this approach can be fully automated and other studies can utilize
the classification tree developed herein. While TLS data was used here due to vegetation cover,
the method can operate on any ultra-high-resolution (≤ 0.10 m) topographic dataset. Given the
high proportion of sunken graves identified at Oberlin Cemetery, this method can be used at
other sites to identify burial places of people that were not only marginalized in life (e.g. African
American slaves, freedmen, and victims of war atrocities as well as genocides), but, due to the
scarcity of research on unmarked sunken graves, in death as well.
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Figure 1. (A) Raleigh is located in central North Carolina. (B) Just north-west of downtown
Raleigh, Oberlin Cemetery (pink square) occupies a 3.2-acre (1.3-hectare) plot of land. (C) To
the north of the cemetery (pink hachured square) are the Oberlin Court Apartments while to the
south are the Cameron Village Condominiums. Flanking the cemetery to the east and west are
the Occidental Life Insurance and InterAct office buildings, respectively.
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Figure 2. (A) Locations for 26 scans (blue dots) that were carried out with a Leica HDS3000
Terrestrial Laser Scanner (TLS) within Oberlin Cemetery. Planned scans at four locations (pink
crosses) could not be conducted due to dense vegetation. These scans were combined into a
unified point cloud within Leica Cyclone. Ground returns were identified and classified with
LAStools. (B) Vertical accuracy of elevation values within a 0.10 m grid was assessed using the
standard deviation of elevation values within each cell (= 0.01 m). (C) Using this grid
resolution of 0.10 m, 13.38% of cells had ≤ 1 point per cell (dark grey) while 86.62% have two
or more points per cell. Optimally constrained cells had 2 to 19 points per cell. Most of the suboptimally constrained cells were in areas of dense vegetation. (D) A digital elevation model
(DEM) was gridded from ground classified points where cells with ≤ 1 point per cell were
interpolated from TLS points located within two meters. Color-shading shows the derived DEM
with a draped slope-shade.
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Figure 3. Distribution of field observed sunken graves which could also be identified in the
terrestrial laser scanning derived digital elevation model (n = 318). The majority (n = 265) of
these sunken graves were identified without associated material culture (grey dots) while 53
were associated with headstones, fieldstones, flower holders and other material culture (blue
dots).
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Table 1. Field recorded metrics for sunken graves at Oberlin Cemetery.
Minimum
Maximum
Mean
Length (m)
Width (m)
Depth (m)

1.10
0.44
0.01

2.88
2.12
1.18

2.19
0.92
0.14

Standard
Deviation
0.28
0.22
0.11
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Figure 4. A schematic for automatically identifying sunken graves within an ultra-highresolution digital elevation model (DEM). An initial DEM is locally detrended using a
Topographic Position Index (TPI) with an annulus window. The TPI is then hydrologically
condition using the Fill tool within the ArcGIS Hydrology Toolbox. This fills depressions within
the TPI such that synthetic streamflow would be routed over depressions and to the edge of the
raster. The initial TPI is then subtracted from the filled TPI to create a depth raster which is
contoured with an interval equal to the vertical accuracy of the DEM (0.01 m). These contours
are then converted to polygons and thresheld during processing to two standard deviations from
the observed mean grave area (1.00 m2 < Afield < 2.72 m2). Conversion must happen in a for-loop
within Python, ArcGIS Model Builder, or equivalent. A simple conversion to polygons (i.e.
Feature to Polygon in ArcGIS) results in the intra-contour spacing being converted to polygons
opposed to the entire area that the contour covers.
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Table 2. Tested annulus inner and outer radii to determine optimal values. Capture ratio is
calculated by: 1) converting contours to polygons; 2) thresholding polygons to two standard
deviations of the observed area (1.00 m2 < Afield < 2.72 m2); and 3) and using a Select by
Location on field observations (n = 318). This identified 0.70 m inner and 0.90 m outer radii
(italicized) as optimal with a capture ratio of 90%.
Inner Radius (m)
Outer Radius (m)
Capture Ratio (%)
0.10
0.30
3
0.10
0.50
41
0.10
0.70
47
0.10
0.90
85
0.30
0.50
56
0.30
0.70
77
0.30
0.90
85
0.50
0.70
85
0.50
0.90
89
0.50
1.00
89
0.50
1.50
87
0.50
2.00
83
0.50
2.50
77
0.50
3.00
74
0.70
0.90
90
1.00
1.50
88
1.00
2.00
81
1.00
2.50
77
1.00
3.00
72
1.50
2.00
79
1.50
2.50
74
1.50
3.00
69
2.00
2.50
71
2.00
3.00
65
2.50
3.00
61
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Table 3. Calculated shape factors from derived contour-polygon metrics.
Metric
Equation
Description
Elongation Factor
Square-root
of
the
ratio of minor axis
𝑖
(𝑖
) length to major axis (𝑖
)
𝑓
𝑖
length. Major and minor axes are the width
and length, respectively, from fitting a
rectangle with the smallest area (i.e.
minimum bounding geometry [MBG]).
4𝜋𝐴
Circularity Factor
Ratio between the observed, contour𝑓
polygon area (𝐴 ) and its perimeter (𝑃 ). A
𝑃
feature with a circularity of one perfect
whereas a highly tortured shape is less than
one.
𝐴
𝐴
Difference Factor
Difference ratio between the MBG area
𝑓
(𝐴
) and the contour area (𝐴 ). As a
𝐴
feature fills the MBG, the value approaches
unity.

Source
Exner and Hougardy (1988)

Exner and Hougardy (1988)

N/A
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Figure 5. Examples of closed-contours, with a 0.01 m interval, manually classified as ‘likely’
sunken graves (green lines) for training a binary classification tree. A slope-shaded digital
elevation model is shown in the background. (A) When concentric closed-contours were
associated with field identified sunken graves (green dots), only the two outer-most contours
were classified. Remaining contours were left ‘unclassified’ (purple lines) and were not used for
training and validation. (B) Closed-contours associated with field observation and classified as
‘likely’ despite having less idealized shapes. (C) Closed-contours not associated with field
identified sunken graves and classified as ‘unlikely’ (red lines).
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Figure 6. Pruned binary classification tree created from 734 training contours. Predictor
selection was determined using the interaction-curvature method. Splitting was determined using
Gini’s diversity index while pruning used the 1 𝑆𝐸 rule. Using a ten-fold cross-validation
method, the classification error is 18.05%. Note that not all metrics from Table 3 are used in this
classification tree.
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Figure 7. Predictor importance for the pruned classification tree. Of the 13 predictors, only
orientation, contour perimeter (Pc), elongation factor (Felong), and difference factor (Fdiff) were
identified as meaningful. The estimated value is calculated by summing the changes in risk due
to splits on every predictor and dividing the sum by the number of branch nodes.
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Figure 8. Confusion matrix created from test contours.
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Figure 9. A total of 1,039 contours were classified as ‘likely’ to be associated with sunken
graves. Of these, 844 contours spatially collocated with 238 of the graves identified during the
pedestrian survey (blue polygons). An additional 305 contours (green polygons), describing 210
features, were identify as ‘likely’ associated with sunken graves based on their morphometric
properties. For visualization, overlapping polygons were dissolved into one another.
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Figure 10. Pink crosses denote the locations of 32 sunken graves whose defining contours had
areas outside two standard deviations of field observed sunken graves (Afield < 1.00 m2; Afield >
2.72 m2). Red crosses denote the location of 48 field-identified sunken graves with contours that
were misclassified by the decision tree.
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Figure 11. (A) Example of a closed-contour (pink lines, AC = 5.42 m2) that exceeded the area
threshold due to graves (pink crosses) coalescing into one another. (B) Examples of graves not
identified as ‘likely’ sunken graves (red) by the binary classification tree due to having
morphologies that differ substantially from those used as training polygons.
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APPENDIX A
A geospatial and geoarchaeological investigation of an African-American cemetery in
Raleigh, North Carolina, U.S.A.
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Abstract
Cemeteries often serve as focal points of identity for a community and can provide
insight into its history. Inventorying graves and other cultural features within a historic cemetery
can assist with the preservation and management of these sites. Oberlin Cemetery, near
downtown Raleigh, North Carolina, U.S.A., was founded in 1873. This 3.2-ac (~13,000 m2)
parcel of land served as the main cemetery for the people of Oberlin Village—the largest
freedmen’s community in Wake County. Today, decedents of the village founders and other
neighborhood residents are working to preserve this community landmark and have its historical
significance recognized. In support of these efforts, terrestrial laser scanning and global
positioning system enabled pedestrian surveys were conducted during the winter and summer of
2016. This work documented 276 grave makers constructed from carved stone, cement, wood
and metal. Of these, 221 are interpreted to be the sole or primary identifier for the burial of one
or more individuals. The topography of the cemetery is marked by 357 elongate depressions
visible both in the field and contained in the results of laser-scanning data. These are interpreted
as sunken graves and occur at 296 sites not associated with burial markers. The ground is also
covered with hundreds of fieldstones, some fraction of which may identify additional burials. A
ground penetrating radar survey was conducted over ~12% of the cemetery. These observations
support the interpretation of the topographic depressions as graves; however, the undulating
topography, as well as the density of trees and shrubs, limits the utility of ground-penetrating
radar at this site. Based on the inventory of formal grave markers, sunken graves, and
fieldstones, the number of individuals interred within the cemetery is estimated to be between
517 and 660. Based on the birth dates listed on monuments, ~23% of these persons were born
before the end of the U.S. Civil War (1861-1865). Death dates show steady use of the cemetery
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by the community throughout the early 1970’s, and less frequent use thereafter, with the most
recent burials in 2009. A comparison with a 2012 inventory of monuments within Oberlin
Cemetery suggests that ~3% of the markers were lost or displaced in a four-year period. This
highlights the importance of preservation efforts and the ongoing need to document cultural
materials within historic cemeteries.
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Introduction
Historic cemeteries are valuable resources offering insight into the development of
neighborhoods over time (Vlach, 1978; Parker Pearson, 1982; McGuire, 1988; Canon, 1989;
Little, 1992; Tarlow 1999; Jamieson, 1995). Their preservation typically requires community
engagement, and the task of maintaining these sites is often left to local governments and civic
groups. In support of landmark applications, as well as educational and outreach initiatives,
communities often have worked with academic researchers and contractors to collected baselevel information on burial records and catalog the distribution of cultural materials and graves
within historic cemeteries (Leibens, 2003; Rainville, 2008; 2009; Gonzales-Tennant, 2016).
Following the American Civil War (1861-1865), African-American cemeteries created
during the Reconstruction Era (1865-1877) document the history of an emancipated people as
they struggled to build a sense of community. Jim Crow Era (1870’s to 1950’s) laws further
institutionalized racial divisions within the United States and perpetuated the existence of
segregated neighborhoods and cemeteries. Over time, despite re-development and shifting
demographics within many areas, these cemeteries have remained, and today, they may provide
the only visible link to the historic identity of a neighborhood—revealing the civic history,
kinship structure, religious practices, and cultural beliefs of its founding residents (Vlach, 1991,
Rainville, 2009; Sattenspiel & Stoops, 2010).
This study investigates Oberlin Cemetery (Figure 1), one of four known AfricanAmerican cemeteries within Raleigh, North Carolina, U.S.A. (Little, 2012). This cemetery,
founded in 1873, served the community of Oberlin Village—the largest freedmen’s village in
Wake County. Although the cemetery fell into disrepair during the late 1900’s, a non-profit
group, the Friends of Oberlin Village (FOV), is actively working to maintain the grounds, which
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serve as a focal point for their efforts to highlight the neighborhood’s history. In support of this
initiative, pedestrian, terrestrial laser scanning (TLS), and ground penetrating radar (GPR)
surveys were conducted to document cultural materials within the cemetery and constrain the
number of persons that may be interred there.
Pedestrian, or field-walking surveys catalog and describe cultural materials within a site.
The spatial location of these features may be recorded using grids, traditional surveying
techniques, or global-positioning system technology (Gaffney, 2008; Newhard et al., 2013). For
cemetery investigations, pedestrian surveys have traditionally focused on identification and
transcription of headstones in order to ascertain the names, ages, and death dates of those
interred, and less commonly on the documentation of fieldstones and other historical artifacts
(Rainville, 2009; Amari and Alsulaimani, 2016). The use of digital technology at the field site
promotes dynamic, menu-driven data entry that assists in minimizing transcription errors and
facilitating rapid archiving (Opitz et al., 2015; Vega and Agulla, 2008).
Terrestrial laser scanners generate a three-dimensional model of the physical
environment. These systems use time-of-flight or continuous frequency modulated lasers to
measure the distance to surfaces from multiple scan points. In cemetery investigations, TLS has
been used principally to record the shape and locations of monuments (Weitman, 2012). Point
cloud data can also be gridded to produce high-resolution digital elevation models (DEMs) with
sub-decimeter vertical accuracy. Such data are capable of illuminating subtle landscape features
that may include sunken graves, walkways, or other markers used to sub-divide a cemetery (Aziz
et al., 2016; Majewska, 2017). As the technique typically cannot resolve monument inscriptions,
it is most often deployed alongside pedestrian survey efforts.
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Ground penetrating radar is a geophysical remote-sensing technique that provides
information on the stratigraphy of the shallow (typically < 2-3 m depth) subsurface. A GPR
system transmits a pulse of electromagnetic energy that propagates downward into the
subsurface and is reflected upward as the wave encounters geologic layers or buried materials
with different electrical properties (Conyers, 2004). While the effectiveness of this approach in
grave identification depends on local soil conditions and mortuary practices (Gaffney, 2008), this
non-invasive technique has become a standard tool in many cemetery investigations and can be
critical in delineating burials not accounted for by archival records or formal grave markers
(Doolittle and Bellantoni, 2010; Damiata et al., 2013; Kadioglu et al., 2013; Aziz et al., 2016).
In our work at Oberlin Cemetery, data from field investigations and geophysical surveys
were spatially enabled within a geographic information system (GIS) to create the first digital
maps of the site. These observations were further integrated with georectified historical maps and
land records. This archival information tracks the historical change of Oberlin Cemetery and the
more modern re-development of properties within the historic Oberlin Village area.
Historical and cartographic analysis
In 1858, Jesse Pettiford, a freed African-American, purchased 16-ac (6.47 ha) of land,
which encompassed portions of the future Village of Oberlin, from George W. Moredecai (Wake
County, North Carolina, Deed Book 22: 187). Land belonging to Pettiford was identified on an
1865 map of the cofederate lines in Raleigh (War Department, 1865; Figure 2A). It also is
depicted, with a reference to the aforementioned deed, on a map of historical properties lines
from the mid-1800’s that was produced in 1920 by C.L. Mann, a surveyor and Professor of Civil
Engineering at North Carolina State University (Mann, 1920; Wake County, 2018; Figure 2B).
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Oberlin Cemetery was formally established in July of 1873. Wake County Deeds (40:
445) indicate that Nicholas Pettiford, the son of Jesse Pettiford, sold one-acre (0.4 ha) of land to
the trustees of Oberlin Cemetery for forty-five dollars. Although no plat survey of Oberlin
Cemetery has been identified from this period, the land was described as located in the Village of
Oberlin and bordered by property owned by the late George W. Mordecai on the east, by Albert
Pettiford on the south, and by Luvinia Pettiford on the west.
Professor Harry Tucker, a colleague of C.L. Mann’s, surveyed the land immediately to
the south of Oberlin Cemetery in 1924 (Wake County, North Carolina, Map Book 1924: 81;
Figure 3). His map identifies land purchased by John T. Turner from Albert Pettiford in 1920 as
the Pine View Cemetery (Wake County, North Carolina, Deed Book 368: 440). Although there
is no record of these lands later being formerly recombined by deed, Pine View represents an
annex to the main Oberlin Cemetery. Tucker’s map shows plans for a total of 136 family plots in
four east-west trending rows covering an area of one-acre (0.4 ha).
U.S. Geological Survey (USGS) 15′-topograhic quadrangle from 1943 does not show
Oberlin Cemetery (Reeves et al., 1943). It also fails to identify the Oberlin Graded School, which
at that time was located on the parcel of land to the west of the cemetery. The quadrangle does,
however, denote St. Mary’s School a short distance away (Figure 4A).
In 1954, J.W. York and R. A. Bryan, local developers, commission a survey of their land
between Daniels Street and Wade Avenue. Resulting maps show Oberlin Cemetery as well as
identify an access road between the Cemetery and Oberlin Road to the west (Wake County,
North Carolina, Map Book 1954: 48). Just two years later, in 1956, The Occidental Insurance
Company Building was constructed immediately to the east of the Cemetery, ushering in a new
era of development within Oberlin Village (Wake County GIS, 2016).

72

The 1968 USGS 7.5′-topographic quadrangle (1972 ed.) denotes the presence of the
Cemetery and Oberlin Graded School (U.S. Geological Survey, 1968). Aerial photography from
the same year (U.S. Geological Survey, 1970; Figure 4B) shows a contiguous wooded area (0.4
ha or 1 ac) encompassing the cemetery and land to north of the Oberlin Graded School. By 1975,
however, the Oberlin Graded School was demolished and replaced by a Young Woman’s
Christian Association (YWCA) facility next to the Cemetery (Wake County GIS, 2016).
In 2003 and 2005, lands immediately to the north of the Oberlin Cemetery were
recombined for the construction of the Oberlin Court apartment complex (Wake County, North
Carolina, Map Book 2003: 855). Plat maps indicate that only the northern and eastern boundaries
of the Cemetery, which abut the Oberlin Court and Occidental properties, were surveyed at this
time (Wake County, North Carolina, Map Book 2006: 1744). During construction of the Oberlin
Court Apartment complex, parking lot and driveway surfaces were excavated and stone retaining
walls up to two-meters in height and fencing were installed along these property lines. Because
of commercial development within the formerly wooded area to the northwest, today the 1.31 ha
(3.24 ac) Cemetery property can only be accessed from the west through the parking area of the
former YWCA building (now owned by InterAct of Wake County).
Previous surveys of Oberlin Cemetery
The first survey of the cemetery was conducted in the 1930’s by the Works Progress
Administration (WPA), which reported death dates ranging from 1876 to 1913 (Little, 2012).
Jennifer Hallman (unpublished) conducted an archival survey in the 1990’s, which made use of
the WPA survey results and the Wake County Death Registry. Hallman’s study also involved
interviews with community elders and some field observations; however, no attempt was made
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to fully inventory monuments within the cemetery. Her study provided evidence for the burial of
332 individuals between 1876 and 1992 at Oberlin Cemetery.
M. Ruth Little, a local historian, conducted a pedestrian surveyed of the Cemetery in
2012. Her work was motivated by the formation of the FOV community group the previous year
and supported their efforts to have Oberlin Cemetery placed on the City of Raleigh’s historic
registry. Little’s survey established a 10 x 10 ft (3 x 3 m) grid system that was used to reference
the position of cultural material within the Cemetery. She produced a tabular database of 147
monuments (primarily burial and family markers) and transcribed the names, dates, and
dedications recorded on them.
Field Methods
Terrestrial laser scanning survey
Oberlin Cemetery was surveyed in the winter of 2016 using a Leica HDS3000 terrestrial
laser scanner (TLS) deployed at 26 locations throughout the cemetery (Figure 5). A minimum
acquisition point spacing of 0.02 m was used. The scan data were tied together into a single,
unified point cloud using the Leica Cyclone 9.1.4 software. Tie points were established using the
corners of ten monuments, which were surveyed with a Trimble R10 global navigation satellite
system (GNSS) receiver with real-time kinematic corrections supplied using a virtual reference
station (VRS). As the onboard TLS camera was not functioning during the survey, only three of
these tie points could be identified and used for geo-referencing. The resulting RMSE of the
survey was 0.80 m. Lidar ground points were classified using LAStools (Isenburg, 2014), with
‘wilderness’ and ‘hyper-fine’ flags enabled. Ground-classified points were then thinned and
gridded at a spatial resolution of 0.10 m. This grid size resulted in only 14% of cells having ≤ 1
point per cell, while 86% have two or more points per cell. Most of the sub-optimally
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constrained pixels were at the edges and within densely vegetated areas. Topographic
expressions of family plots were digitized at a 1:250 scale.
Pedestrian survey
Pedestrian survey data were recorded in the field during summer 2016 using a Trimble
R10 GNSS-VRS receiver. Data collection utilized a custom-build digital form that provided
adaptive menu choices and data entry fields. The form was developed using the Trimble
TerraFlex application programing interface (Figure 6), which was communicated with the R10
receiver using a Bluetooth connection. Positional information was recorded at the southwestern
corner of each feature. Horizontal accuracy ranged between 0.01 to 2.93 m, with a mean of 0.15
m and standard deviation of 0.24 m.
Items of material culture were organized by categories: (1) Carved Stones (Figure 7A),
including worked and engraved headstones, footstones, and obelisks; (2) Cement Markers
(Figure 7B) that were cast or poured stone conglomerates used as headstones and footstones; (3)
Fieldstones (Figure 7C), consisting of local schist and large quartz crystals which were
predominate markers from the Colonial period through the 1870’s (Alexia, 1997; Rainville,
2008; Stone, 2009); (4) Metal Plaques (Figure 7D) made by casting or pressing metal as well as
pressed metal frames all generally associated with a unique metal steak form; (5) Wooden
headboards (Figure 7E); and (6) Other (Figure 7F) which included items such as conch shells,
drain pipes and metal scrap. A photograph was captured for each feature and its dimensions
recorded. The names, dates, and dedications were transcribed for carved stones, cement markers,
and metal plaques.
The Cemetery landscape is marked by numerous elongate topographic depressions, with
morphologies that are consistent with subsidence associated with graves (Aziz et al., 2016). The
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dimensions of each depression, as visible within the field, were recorded using a tape measure.
To facilitate later comparisons with the TLS data, no attempt was made to remove leaf litter and
vegetation prior to making these measurements.
Tables were generated containing attributes that could be queried to summarize the data
by record class (monument, monument & sunken grave, and sunken grave), material,
inscriptions, and state of disrepair. Field notes, transcribed names, photographs, topographic
data, and geospatial relationships were used to associate primary (e.g., headstone) and secondary
(e.g., footstone) monuments with unique burials. Metal plaques without names, wooden
headboards, and heavily weathered carved stone were associated with burials based on their
continuity of form with other monuments within the Cemetery.
Ground penetrating radar survey
A GPR survey was carried out over ~12% of the cemetery (Figure 8) with the objectives
of validating our interpretation of closed topographic depressions as sunken graves and
potentially locating unmarked graves. A more extensive GPR survey was judged to be
impractical due to the undulating terrain and prevalence of trees and shrubs across large portions
of the site. Both 250 and 500 MHz Sensors and Software Pulse EKKO Pro radar antennae were
deployed using a cart system. Survey lines were collected in a roughly north-south (gravenormal) direction with 0.5 m spacing between lines. Trace data were stacked 16 times and
triggered at 0.05 (250 MHz) and 0.02 m (500 MHz) intervals along each line. An average radar
velocity of 0.1 m ns-1 was estimated by fitting hyperbola throughout the survey area. The
maximum depth of penetration for the radar was ~2.5-3.0 m.
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Results
Cultural materials and burials
The pedestrian survey generated 1087 records (Table 1) within the cemetery. This
includes 276 grave markers (headstones and footstones) constructed from carved stone (n = 160),
poured cement (n = 67), metal plaques (n = 47), and wooden headboards (n = 2). Nearly half (n =
126) of these markers were in some form of disrepair (i.e., broken, fallen, sunken, rusted). A
further 234 records list other objects of material culture (e.g. flower holders, terra cotta pots,
cinderblocks). Of the 276 markers and 234 other items, 221 were interpreted as the sole or
primary marker for the burial of one or more persons (Table 2). Classification as a primary burial
marker was determined by the inscription of names (n = 132) or other identifiers (n = 4), the
association of an uninscribed monument with sunken grave (n = 29) or based on the continuity of
a monument’s form (e.g., a metal plaque, wooden headboard, heavily weathered carved stone
with no discernable markings) (n = 56). Other items of material culture identifying unique
burials are itemized in Appendix A.1. A total of 158 individuals (Appendix A.2) are identified
from 137 records. Mattie E. Williams was identified by two monuments with different birth
dates. Some monuments identify more than one person.
Prior research has indicated that fieldstones—unworked or minimally worked rocks
lacking inscriptions—were used as burial markers throughout the southeastern United States
during the 17th to 19th centuries (Alexia et al., 1997; Brandon and Hillard, 1998; Rainville, 2008;
Stone, 2009). A total of 272 fieldstones were surveyed at Oberlin Cemetery. Of these, 13 were
spatially associated with sunken depressions, consistent with their being interpreted as burial
markers, and an additional 130 might be considered unique grave markers based on their location
within rows and upright positioning (143 total). Some remaining fieldstones appear to delineate
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family plots, while others are arranged more haphazardly, making their function within the
cemetery less clear.
Based on their size and morphology, 357 topographic depressions were identified in the
field as possible sunken graves. The length, depth, and widths of each sunken depression are
summarized in Table 3. Of these records, 61 were associated with monuments including carved
stones (n = 16), cement markers (n = 8), metal plaques (n = 15), fieldstones (n = 13), and other
items of material culture (n = 9). The remaining 296 depressions were not associated with grave
markers. Comparison of these field observations with TLS data showed that ~89% (n = 318)
could be identified visually in the hill-shaded elevation dataset.
The formation of sunken graves is driven primarily by sediment compaction, with much
of the settling occurring in initial month-to-years after a burial (Scott, 1980), and the later
collapse of caskets within the subsurface. The occurrence of a sunken grave therefore depends on
the leveling and maintenance of the site over time, as well as the construction materials of the
casket and vault (if present). The infrequent occurrence (~10%) of sunken graves in association
with burials having carved headstones is consistent with the upkeep of these gravesites over time
and perhaps the use of casket materials with greater longevity. The Oberlin Cemetery site is
comprised of clay rich (Cecil series) soils developed over the igneous and metamorphic rock of
the Appalachian Piedmont. Local soil hydrologic conditions may also influence the rate and
amount of settling, and the prevalence of casket collapse. After heavy rain events, water
commonly pools along the southern (lowest elevation) margin of the Cemetery, where many of
the deepest depressions were found (Figure 9). We cannot, however, account for spatial
variations in the age of these burials or differences in mortuary practices.
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Based on the pedestrian survey results, Oberlin Cemetery contains 221 primary burial
markers, which list the names or initials of 158 individuals (Appendix A.2). There are also 296
sunken gravesites that cannot be associated with a formal grave marking monument or
fieldstone. This conservatively constrains the total number of interred individuals to be 517. We
identify a total of 143 fieldstones positioned in a manner consistent with use as a burial marker.
We therefore estimate a maximum of 660 individuals buried within Oberlin Cemetery.
Enclosures and family plots
Twenty-seven enclosures were identified both from the pedestrian survey and analysis of
hill-shaded elevation data (Figure 10) with 0 to 21 records within each (Appendix A.3). The
Dunston family plot, located just inside the cemetery entrance, is outlined by worked stone
pillars connected with linked chain and contains a tall (~ 2.5 m) obelisk monument. Similarly,
the Turner family plot, located at the entrance of Pineview Annex, is surrounded by a short iron
fence with stone corners, contains a marble bench, and large graved monuments. The ornamental
characteristics of these two enclosures may denote the socio-economic standing of the families
within the community. Not all family enclosures, however, are as ornate. Some additional family
plots (n = 6) are marked by a family monument and lack a walled or fenced enclosure.
Enclosures do not always contain a single-family name. In three cases, more than one
family name is listed on grave markers within an enclosure that contain a family monument. A
further five enclosures have multiple family names listed on grave markers, but do not contain
clear family monuments. Within these enclosures with multiple family names, the Peebles family
is identified in two enclosures and Curtis/Curties in three. The presence of conch shells in the
Webb family plot hint at a sense of cultural ties with west African culture (Jamieson, 1995);
however, these are only present within this family plot.
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Demography
There were 158 individuals identified by monument inscriptions, including five persons
identify only by their family name and three persons identified only by their initials (Appendix
A.3). A total of 128 birth dates and 142 death dates were transcribed. In a handful of cases, the
inscriptions on monuments could not be read with confidence due to weathering, or it could not
be determined if a date referenced the birth or death of an individual. One individual, Mattie E.
Williams, appears to be identified on two monuments, with slightly different (January 22 vs.
February 22) death dates in 1894.
The distribution of birthdates within Oberlin Cemetery is left-skewed (Figure 11A) and
shows that ~23% of those individuals having inscribed monuments were born before the end of
the American Civil War (ca. 1865). The oldest birthdate inscribed on a monument was for
Zylphia Thompson, born in 1804. The most recent birthdate recorded was for Henry Jose C.
Peebles, born December 6, 1962.
The oldest burial with a legible inscription on a monument dates to 1876, consistent with
the WPA and Hallman survey results. The median year of burial was 1937, and the cemetery was
used regularly through the early 1970’s (Figure 11B). The rate of burials decreased during the
1980’s and 1990’s, as the site Cemetery grounds fell into a state of disrepair. Eight individuals,
however, have been buried in Oberlin Cemetery since the year 2000, with Grace H. Williams
(2009) being the individual interred most recently.
Based on monument inscriptions, the average age of individuals at the time of death was
57 years, with a median age of 62 years. The youngest individuals identified were John Scarver
(1 day) and Ophelia Sheppard (11 months). Charles H. Hunter (102 years) and Carrie W. Hunter
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(107) were the oldest individuals. Figure 12 shows a box-and-whisker plot for the age at death
within the Cemetery binned by birth year.
Local historians have contended that the oldest part of the cemetery is along the central
western edge, noting a clustering of fieldstone markers in this area. Our pedestrian survey,
however, shows that these markers are ubiquitously distributed throughout the cemetery. Death
dates on inscribed monuments similarly show no spatial patterning, beyond the more recent
(after 2000) burials, which are clearly concentrated in the southwestern corner of the cemetery
(Figure 13). This lack of patterning by date is consistent with burials being organized primarily
around familial organization. Graves for Oliffe Poole and Lula Turner, located along the
northern edge of Pineview Annex, have death dates prior to its 1920 creation.
Religious symbols are exclusively Christian and include engraved crosses. Lamb of God
sculptures top two tombstones associated with children. Carvings of ivy leaves and anchors are
also common throughout the cemetery. Five military veterans are buried within the cemetery—
one Spanish-American War and four World War I. Notation of occupation includes a caduceus
for William B. Pettiford and John V. Turner’s monument noting him as an educator. There are
six monuments displaying the Masonic Square and Compass of the Freemasons (Figure 14A);
five monuments with three interlocking chains denoting membership in the Ancient Order of
Oddfellows (Figure 14B), as well as one inscription referencing the Eastern Star Lodge (Figure
14C).
Discussion
Database comparison
Prior work carried out in 2012 for the City of Raleigh Landmark (CRL) survey generated
a total of 147 records (Little, 2012). Approximately 86% (n = 127) of these records could be
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positively identified within the database generated by the 2016 pedestrian survey, including
grave markers with (n = 114) and without (n = 2) names, as well as family monuments (n = 11).
During the pedestrian survey, location information was recorded utilizing a high-resolution
GNSS-VRS receiver; however, the CRL survey recorded only the grid (10 x 10 ft) in which each
record existed. Given the written descriptions and ambiguity in location provided by the CRL
survey, 15 records could not be positively correlated with the pedestrian survey database. An
additional five CRL survey records (headstones), however, are clearly absent within the
pedestrian survey database. Subsequent efforts, which enlisted local community members, have
failed to locate these headstones, suggesting that they have been damaged or displaced during the
interval between the two surveys. This represents a ~3% loss over a four-year period.
The CRL survey created a registry of 138 people buried in Oberlin Cemetery; whereas,
this pedestrian survey identified 158 individuals—representing a 15% registry increase. Both
surveys record the earliest burial being that of Julia Andrews in 1876. Although the CRL survey
reports use of the cemetery through only 1971, our pedestrian survey identifies 19 later burials,
with the most recent being those of Grace H. and Alexander Williams, in 2009. In total, the
pedestrian survey identified 25 individuals and three family monuments not present within the
CRL survey database.
Unmarked grave identification
Where burials are suspected to be present, but no grave markers exist, GPR has been used
by other studies to confirm their presence (Johnson, 2010; Doolittle and Bellantoni, 2010;
Damiata et al., 2013; Kadioglu et al., 2013; Aziz et al., 2016). Despite clay-rich (conductive)
soils within Oberlin Cemetery, the 2.5-3.0 m depth-of-penetration for the radar was sufficient for
imaging the burials at this site (Figure 15A). The vegetation cover on site, however, made a
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detailed scan (≤ 0.5 m line spacing) of the entire area impractical. Moreover, our partial (~12%)
survey of the cemetery with GPR revealed a tendency for the radar system to decouple while
crossing many of the sunken graves. This situation results from a change in the height of the
antennas above the ground surface, as well as the thick accumulation of leaf-litter present within
some topographic depressions. While indications of a burial can often be gleaned from these
radargram images, this change in radar coupling make interpretation more difficult and generally
renders depth slicing ineffective (e.g., Conyers et al., 2014).
As an alternative approach, this study has relied on the prevalence of sunken graves to
constrain the minimum number of unmarked burials within Oberlin Cemetery. The topographic
expression of these sunken graves was identified in the field during the pedestrian survey and are
visualized using the lidar-derived elevation model (Figure 15B, C). The identification of these
features within topographic data is consistent with observations by Weitman (2012) and Aziz et
al. (2012). Given the consistency of these observations and the impracticality for cemetery-wide
GPR survey, unmarked burials within similar conditions would be best inventoried using their
topographic signal.
Summary and conclusions
Pedestrian survey and terrestrial laser scanning datasets collected in 2016 provide
baseline information for the preservation and management of Oberlin Cemetery, in Raleigh,
North Carolina, U.S.A. This cemetery, which was founded in 1873, served the historic AfricanAmerican community of Oberlin Village—the largest Freedman’s community in Wake County
(Little, 2012). Today, with continued land-development and shifting demographics within the
neighborhood, the cemetery serves as a focal point for community efforts to preserve the area’s
history.
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The pedestrian survey documented 276 burial markers constructed from carved stone,
cement, wood, and metal; of these, 221 are interpreted to be the sole or primary identifier for the
burial of one or more individuals. Burial markers record the names or initials of 158 individuals,
with ~23% of these persons being born before the end of the U.S. Civil War in 1865. The
cemetery remained in steady use by the community throughout the early 1970’s, with less
frequent use thereafter, and the most recent burials were in 2009.
In addition to these formal grave markers, the survey recorded 272 unworked or
minimally worked fieldstones, which were common grave markers in use throughout the
southeastern US through the 19th century (Alexia, 1997; Rainville, 2008; Stone, 2009). Based on
their alignment, positioning, or association with a sunken grave, as many as 143 of these
fieldstones could represent grave markers. The pedestrian survey also cataloged 357 elongate
topographic depressions that are interpreted to have formed in response to the subsidence of a
gravesite or following the collapse of a casket in the subsurface. Of these small depressions, 296
occur at sites not otherwise marked by formal burial markers. Summing unique observations, the
number of persons interred within the cemetery is estimated to be between 517 (formal burial
markers and sunken graves) and 660 (formal burial markers, sunken graves, and fieldstones).
Many burials are organized within family plots. There is a total of 27 walled or fenced
enclosures within the cemetery, of which seven contain family markers. In addition, there are six
unenclosed family plots identified based on the presence of a family marker and corroboration
with the CRL. Freemason and Ancient Order of Oddfellows iconography are found on a handful
of headstones. Religious symbols that adorn monuments within the Cemetery are exclusively of
Christian origin.
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Comparing the results of a 2012 grid-based inventory (cf. Little, 2012), the 2016
pedestrian survey identified 25 individuals not listed as part of the City of Raleigh Landmark
application—expanding the cemetery registry by 15%. The survey, however, failed to identify
five headstones (~3%) located in 2012. This suggests that these monuments have been displaced
or severely damaged over the intervening four-year period and highlights the need to actively
document cultural materials within historic cemeteries and the importance of sustained
preservation efforts.
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Figure 1. (A) Raleigh is located in central North Carolina. (B) Just north-west of downtown
Raleigh, Oberlin Cemetery (pink square) occupies a 3.2-acre (1.3-hectare) plot of land. (C) To
the north of the cemetery (pink hachured square) are the Oberlin Court Apartments while to the
south are the Cameron Village Condominiums. Flanking the cemetery to the east and west are
the Occidental Life Insurance and InterAct office buildings, respectively.
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Figure 2. Modern extent of Oberlin Cemetery (pink hatched polygon) compared to two historic
maps. (A) The modern extent occupies land identified as Pettiford’s in an 1865 map of
Confederate lines around Raleigh, North Carolina. (B) A map created in 1920 by C.L. Mann
from compiled survey, deed survey notes, and historic surveys indicating that the land was sold
by George W. Mordecai to Jesse Pettiford in 1858. The boundary for Pettiford’s land is noted on
Mann’s map as being re-surveyed in 1910.
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Figure 3. A survey plat map created by Harry Tucker of Pine View Cemetery which was created
by John Jerome Turner in 1922. Pine View abutted Oberlin Cemetery to the south and is now
collectively identified as part of Oberlin Cemetery, although sometimes identified as an annex.
The plat indicates the annex contains 136 lots, or family plots, measuring 18.58 m2 (200 ft2),
each.
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Figure 4. Modern extent of Oberlin Cemetery (light blue hatched polygon) compared to United
States Geological Survey (USGS) (A) topographic data and (B) aerial photography. The 15′topographic map from 1943 does not show Oberlin Cemetery nor Oberlin Graded School but
does show the historically white Broughton High School a short distance away. Aerial
photography from 1968 shows Oberlin Graded School (below blue arrow) immediately to the
west of the Cemetery. The Cemetery is wooded with a contiguous wooded appendage extending
west from the northwestern corner. Although the land-cover between the appendage and
cemetery are the same, the land-use is indeterminate.
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Figure 5. Locations for 26 scans (blue dots) carried out with a Leica HDS3000 Terrestrial Laser
Scanner within Oberlin Cemetery. These scans were combined into a unified point cloud within
Leica Cyclone. Color-shading shows the derived digital elevation model created from these data.
Planned scans at four locations (pink crosses) could not be conducted due to dense vegetation.
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Figure 6. A customized data entry form was created for the work at Oberlin Cemetery using
Trimble’s TearraFlex application. Point and polygon data could be recorded with each point
having an associated estimated accuracy with it. A unique identification number was given to
each marker along with date and time stamp and field photos. Subsequent fields were
dynamically exposed depending on prior values entered by the user. Shown here are fields
exposed based on answering “Monument (only)” for the question “What are you recording?”
Beyond recording metrics and inscriptions, if present, spatial relationships were also recorded,
such as existing in an enclosure or other associated markers. Finally, the person recording the
marker had to sign their initials to close the form.
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Figure 7. Items of material culture identified within the cemetery were grouped into (A) Carved
Stones, (B) Cement Markers, (C) Fieldstones, (D) Metal Plaques, (E) Wooden headboards, and
(F) Other. Other was a catch-all term for any material culture that did not fit neatly into the other
five categories. Features shown with a graduated scale in 1, 2, 5, and 10-centimeter intervals.
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Figure 8. Geophysical survey using Ground Penetrating Radar was carried out on 12% of the
Cemetery in six grids (pink hatched polygons). Both 250 and 500 MHz antennae were used at
each grid with a line spacing of 0.5 m in a north-south (grave-normal) orientation.
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Table 1. Counts of records identified as monuments, monuments & sunken graves, and graves
with material culture in disrepair identified as well.
Material

Monument
(Disrepair)

Monument & Grave
(Disrepair)

Sunken Grave

Total
(Disrepair)

Carved Stone

144 (58)

16 (7)

-

160 (65)

Cement Marker

59 (23)

8 (7)

-

67 (30)

Metal Plaque

32 (21)

15 (8)

-

47 (29)

Wooden Headboard

2 (2)

0

-

2 (2)

Fieldstone

259

13

-

272

234 (4)

9

-

243 (4)

-

-

296

296

730 (108)

61 (22)

296

1087 (130)

Other
Nothing
Sum
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Table 2. Records identifying unique burials.
Material

Monument
Inscribed
with Name

Monument & Sunken Grave

Inscribed
Un-inscribed
without Name

Inscribed
with Name

Inscribed
without Name

Un-inscribed

Sunken
Grave

Total

Carved Stone

75

1

20

14

-

2

-

112

Cement Marker

23

3

9

3

-

5

-

43

Metal Plaque

13

-

16

2

-

13

-

44

Wooden
Headboard

-

-

2

-

-

-

-

2

Fieldstone

-

-

130

-

-

13

-

143

Other

2

-

9

-

-

9

-

20

-

-

-

-

-

-

296

296

113

4

186

19

0

42

296

660

Sum

98

Table 3. Field recorded metrics of sunken graves at Oberlin Cemetery described by inclusive
percentile measurements. Depth and width measurements were not always determinable in the
field. Depth was indeterminate for two records, OC0192 and OC0760, due to dense vegetation
and subtle topographic expression. Width was also indeterminate for OC0192 because of this
vegetation.
Metric Sample
Minimum
25th
50th
75th
Maximum
Size
(cm)
Percentile
Percentile
Percentile
(cm)
(n)
(cm)
(cm)
(cm)
Depth
355
1
7
10.5
17
118
Width
356
44
78
88
103
212
Length
357
110
204
222
236
288
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Figure 9. Locations of sunken graves with point color indicating which quartile the grave’s
depth fit into from Table 3. Sunken graves within the fourth quartile appear to cluster along the
middle portion of the southern edge; however, similarly deep values are found dispersed
throughout the cemetery.
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Figure 10. Family plots (pink hatched polygons) and family plot markers without enclosures
(pink dots). Last names on markers and counts of records within enclosure are described in text
as well as Appendix A.3.
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Figure 11. Distribution of (A) birth (n = 128) and (B) death (n = 142) dates found within Oberlin
Cemetery. Count of individuals by decade are shown in comparison to the cumulative
distribution of records for each graph. Thus, from grave markers with inscribed birth and/or
death dates, 50% of individuals buried at Oberlin were born before 1885 while 50% died by
1935.
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Figure 12. Age at death by decade of birth for individuals found within Oberlin Cemetery. N.B.
there is a graph break between 1939 and 1960.
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Figure 13. Spatial distribution of burials with inscribed death dates symbolized by decade. There
is no clear indication of clustering prior to 2000. Following 2000, burials cluster in the
southwestern corner of the Cemetery.
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Figure 14. Examples of social organizations on grave markers at Oberlin Cemetery. (A) The
Prince Hall branch of the Freemasons, (B) Ancient Order of Oddfellows, and (C) Eastern Star
Lodge of the Freemasons. Iconography and inscriptions shown with a graduated scale in 1, 2, 5,
and 10-centimeter intervals.
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Figure 15. (A) Ground Penetrating Radar radargram created from 250 MHz antennae from A to
A′. Data are visualized after applying a de-WOW filter, SEC2 gain, and background subtraction.
Blue arrows indicate decoupling of the antennae due to depressions associated with sunken
graves. These depressions are evident in (B) topographic data recorded with a terrestrial laser
scanner and were inventoried during the pedestrian survey. (C) A topographic profile created
from the digital elevation model additionally show the sunken graves.
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Appendix A.1
Records identified in the field as “other” material culture.
Record
Identification

What is Recorded

Description

Notes

OC0182

Monument & Grave Metal scrap

Identified in the field as a monument and grave

OC0214

Monument & Grave Metal scrap

Identified in the field as a monument and grave

OC0233

Monument

Has a name on it

OC0278

Monument & Grave Cemented gravel Identified in the field as a monument and grave

OC0293

Monument

Metal pipe

Although it seems to be an edge marker, due to the small fieldstone
just behind it, it could be a head marker

OC0429

Monument

Flower holder

Is a flower holder with a name on it

OC0631

Monument

Terracotta pot

From topographic data appears to represent a grave otherwise uncataloged

OC0647

Monument & Grave Cinderblock

Identified in the field as a monument and grave

OC0659

Monument & Grave Broken glass

Identified in the field as a monument and grave

OC0674

Monument

Flower holder

Spatially disassociated from other grave markers therefore might be
likely to be a grave

OC0737

Monument

Flower holder

Spatially disassociated from other grave markers therefore might be
likely to be a grave

OC0744

Monument

Flower holder

Spatially disassociated from other grave markers therefore might be
likely to be a grave

Zinc oblisk
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Appendix A.1 (Continued)
Record
Identification

What is Recorded

Description
Flower holder

Notes

OC0765

Monument

OC0780

Monument & Grave Brick and cement Identified in the field as a monument and grave

OC0817

Monument

OC0923

Monument & Grave Broken glass

Identified in the field as a monument and grave

OC0937

Monument & Grave Flower holder

Identified in the field as a monument and grave

OC1016

Monument

Cemented gravel Spatially disassociated from other grave markers therefore might be
likely to be a grave

OC1033

Monument

Cinderblock

OC1097

Monument & Grave Metal pipe

Cinderblock

Spatially disassociated from other grave markers therefore might be
likely to be a grave

Spatially disassociated from other grave markers therefore might be
likely to be a grave

Spatially disassociated from other grave markers and follows a line
of other markers therefore might be likely to be a grave
Identified in the field as a monument and grave

108

Appendix A.2
Registry of people identified in Oberlin Cemetery by field observation.
Record
Identification
OC0299
OC0299
OC0299
OC0299
OC0299
OC1005
OC0810
OC0365
OC0095
OC0299
OC0557
OC0093
OC0557
OC0299
OC0800
OC0301
OC0218
OC0197
OC0825
OC0216
OC0668
OC0312
OC0312
OC0122
OC1069
OC0763
OC0124
OC0044
OC0216
OC0524

First Name
Julia
Dynthia
Margaret
Maggie
Washington
Maria
Zylphia
Oliffe
Annie
Hattie
Chapman
John
Sophia
Mildred
Alexander
L
Ophelia
S
Emanuel
Henrietta
Susie
Gladys
George
Jessie
Sara
Annette
Mary
Lula
Edward
George

Middle
Name

W
A
Patrick
S
E
Badie
C
Walker
W

Last
Name
Andrews
Andrews
Andrews
Andrews
Andrews
Dickerson
Thompson
Poole
Dunston
Andrews
Alexander
Duston
Alexander
Andrews
Burton
Busbee
Sheppard
McGuire
Bridgeford
Haywood
Manly
Williams
Williams
Turner
Ivey
Andrews
Turner
Turner
Haywood
Williams

Birth Year

Death Year

1874
1875
1855
1875
1878
January 12, 1828
September 7, 1804
1810
1850
1889

1876
1878
June 1, 1883
1883
1883
January 19, 1884
November 20, 1888
February 17, 1889
July 19, 1890
1891
August 4, 1893
November 20, 1894
September 19, 1898
1900
1905
October 4, 1906
September 4, 1906
May 11, 1906
March 28, 1906
November 7, 1908
June 15, 1908
July 25, 1910
July 28, 1910
August 18, 1910
1911
July 6, 1911
February 5, 1911
1911
December 6, 1912
March 5, 1912

1828
1895
1846
1889
October 6, 1905
April 15, 1856
March 4, 1836
1863
September 6, 1888
August 4, 1904
December 25, 1868
May 29, 1860
1848
January 15, 1885
September 4, 1886
1857
July 16, 1872

Age
2
3
28
8
5
56
84
79
40
2
66
5
59
17
0
50
70
45
19
5
41
50
63
26
24
55
39

Previously
Identified
x
x
x
x
x

Newly
Identified

x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
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Appendix A.2 (Continued)
Record
Identification
OC0668
OC0222
OC0965
OC0705
OC0199
OC0741
OC0705
OC0171
OC0741
OC1074
OC0639
OC0571
OC0906
OC0909
OC0044
OC0769
OC0800
OC1095
OC0731
OC0362
OC0224
OC0745
OC0562
OC0123
OC0827
OC1087
OC1009
OC0041
OC0296
OC1017
OC0387

First Name
Henry
Frank
P
Sallie
Pricilla
Jesse
Haynes
Robert
John
Jerry
Serena
Jesse
Edward
Jimia
John
Sidney
Kate
Fleming
B
J
Nora
Lucy
Elizabeth
Grandison
Garland
Thempie
Susie
Marshall
Lammentta
Edward
Virginia

Middle
Name
C
T
A

L
T
G
J
D
Wimbish

H
J
T

Last Name

Birth Year

Death Year

Age

Manly
Slade
Hall
Clarke
Hunter
Scarver
Clarke
Williams
Scarver
Hinton
McIlhenry
Pettiford
Cook
Barnweld
Turner
Manly
Burton
Hinton
Curties
Chavis
Taylor
Montgomery
Manly
Turner
Crosson
Bobbitt
Parham
Smith
Hinton
Hester
Hogan

June 27, 1856
October 24, 1832
1849
1887
September 1, 1855
1916
1848
1870
March 1, 1919
1810
1831
September 16, 1865

July 13, 1913
October 23, 1913
May 4, 1915
1917
October 16, 1917
March 8, 1918
1919
May 5, 1919
March 2, 1919
May 30, 1920
July 1, 1921
November 11, 1921
1921
December 30, 1922
1922
March 5, 1922
1923
January 14, 1924
June 2, 1926
March 17, 1926
August 15, 1926
February 8, 1926
November 11, 1927
February 4, 1928
October 18, 1928
August 22, 1928
January 4, 1929
April 15, 1929
December 3, 1929
February 26, 1929
1930

57
80
66
30
62
12
71
49
0
110
90
56

1843
1853
April 19, 1912
1861
1871
1900
March 8, 1896
1897
August 10, 1853
July 30, 1885
1888
July 6, 1914
October 5, 1864
1904

79
70
11
65
55
26
29
30
74
43
28
41
14
65
26

Previously
Identified
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

Newly
Identified

x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
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Appendix A.2 (Continued)
Record
Identification
OC0827
OC1087
OC1009
OC0041
OC0296
OC1017
OC0387
OC0539
OC0157
OC0049
OC0461
OC0016
OC0789
OC0042
OC0264
OC1075
OC0429
OC0734
OC0431
OC0384
OC0874
OC0104
OC0872
OC0007
OC0859
OC0869
OC1083
OC0467
OC0195
OC0405
OC0268

First Name
Garland
Thempie
Susie
Marshall
Lammentta
Edward
Virginia
Theodore
Samuel
Joe
James
Irving
Estelle
Hortense
John
Martha
Robert
Nellie
James
Adron
Anna
Mattie
Plummer
Powell
Alonzo
Thomas
Curties
Ella
Lizzie
Mary

Middle
Name

H
J
T
F
J

S
H

B. Dunston
L
T

L

Last
Name
Crosson
Bobbitt
Parham
Smith
Hinton
Hester
Hogan
Williams
Webb
Dunston
Copland
Ricks
Battle
Smith
Morgan
Wimbish
Hopkins
Grant
Bobbitt
Lipscomb
Curtis
Starling
Cruse
Hall
Peebles
Jones
Higgs
Snelling
McGuire
Alford
Morgan

Birth Year
July 30, 1885
1888
July 6, 1914
October 5, 1864
1904
April 11, 1875
July 15, 1865
October 8, 1880
February 9, 1865
March 1, 1900
October 22, 1925
March 11, 1885
1910
April 27, 1908
1874
1888
1903
December 11, 1914
March 12, 1886
May 16, 1888
1877
1884
October 10, 1884
1877
August 27, 1908

Death Year
October 18, 1928
August 22, 1928
January 4, 1929
April 15, 1929
December 3, 1929
February 26, 1929
1930
September 13, 1931
August 6, 1931
1931
April 30, 1932
October 3, 1933
March 27, 1934
October 12, 1934
January 30, 1934
March 28, 1936
May 9, 1937
December 3, 1937
March 15, 1938
1939
1941
1941
September 18, 1941
December 15, 1941
May 10, 1942
1944
1946
November 24, 1947
May 21, 1948
1949
April 2, 1949

Age
43
28
41
14
65
26
56
66
51
68
34
8
48
36
32
29
65
53
38
26
55
53
67
62
63
72
40

Previously
Identified
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

Newly
Identified
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Appendix A.2 (Continued)
Record
Identification
OC0266
OC0411
OC1058
OC1080
OC0046
OC0944
OC1010
OC1077
OC0037
OC0589
OC0389
OC0767
OC1010
OC0036
OC0116
OC0755
OC0294
OC0400
OC0492
OC0406
OC0040
OC0372
OC0215
OC1079
OC0400
OC0404
OC0407
OC0869
OC0754
OC0356
OC0391

First Name
Wilson
Frank
Frank
Charles
Mary Jane
Mary
Walter
Emma
Amelia
William
Jessie
Charles
Virginia
Estelle
John
William
Alonza
Alcoa
Jo
Beachman
James
Z
Arthur
Sussie
William
Beechman
Essie
Mary
David
George
Mattie

Middle
Name
W
E
Dickerson
H
Allen
H
T
B
H
Bryant
T
E
M
J
Ann
L
A
R
T
L
A
W
E

Last
Name
Morgan
Howard
King
Flagg
Turner
Hinton
Dunston
Wimbish
Smith
Pettiford
Dunston
Hunter
Dunston
Smith
Anderson
Andrews
Haywood
Allen
Turner
Alford
Smith
Poole
Shepard
Flagg
Floyd
Alford
Smith
Jones
Andrews
Jeffries
Williams

Birth Year
June 18, 1879
February 28, 1891
1876
June 1863
May 10, 1886
May 12, 1892
August 13, 1906
August 4, 1893
February 11, 1892
May 28, 1855
September 23, 1894
December 22, 1878
December 25, 1895
July 18, 1879
June 7, 1870
April 15, 1903
1938
1915
February 29, 1905
1880
August 14, 1881
1878
March 5, 1891
February 6, 1880
November 17, 1917
1877
1880
1887
February 22, 1894

Death Year
April 23, 1950
May 20, 1950
December 2, 1952
1954
March 26, 1955
October 31, 1955
January 16, 1955
March 7, 1955
January 22, 1956
January 26, 1956
November 23, 1956
December 18, 1956
September 4, 1956
September 9, 1957
May 25, 1957
December 30, 1957
July 15, 1958
January 8, 1959
1959
1960
October 14, 1960
1962
April 25, 1964
1965
June 22, 1965
May 20, 1967
August 17, 1969
1970
1970
April 29, 1970
December 10, 1970

Age
70
50
61
78
92
69
62

Previously
Identified
x
x
x
x
x
x
x

Newly
Identified

x
49
62
64
101
61
78
61
78
88
55
21
45
55
82
82
87
74
87
51
93
90
65
76

x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
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Appendix A.2 (Continued)
Record
Identification
OC0392
OC0020
OC0018
OC0008
OC0754
OC0413
OC0022
OC0733
OC0414
OC0035
OC0043
OC0865
OC0409
OC0408
OC0013
OC0001
OC0052
OC0472
OC0024
OC0003
OC0415
OC0416
OC0038
OC0029
OC0009
OC0010
OC1004
OC0944
OC0090
OC0096

First Name
Mattie
Eliza
Claude
Carl
Georgia
Ella
John
Eliza
Leroy
James
Gertrude
Henry Jose
Lillie
Joesina
Catherine
Carrie
James
Patrick
D
Ulia
Rebecca
Robert
Dorothy
William
John
Grace
Alexander
Lugenia
Gideon
Johnnie
N

Middle
Name
E
Height
A
H
J
S
B
C
Alford
W
Man
Supora
Marie Hall
D
Peebles
T
V
H

C

Last
Name
Williams
Parham
Snellings
Williams
Andrews
Howard
Turner
Grant
Peebles
Smith
Haywood
Peebles
Tillman
Tillman
Trice
Hunter
Haywood
Taylor
Turner
Whitter
Peebles
Barker
Osbourne
Turner
Williams
Williams
Durham
Hinton
Dunston
D

Birth Year
January 22, 1894
May 10, 1899
October 15, 1890
1895
February 11, 1883
November 11, 1898
1882
1926
January 16, 1874
1889
December 6, 1962
1907
November 21, 1907
July 29, 1914
1879
1914
1904
October 1, 1902
1908
1930
November 11, 1906
January 27, 1922
January 22, 1924
1930
1930
October 19, 1876

Death Year
December 10, 1970
April 20, 1970
August 12, 1970
November 16, 1970
1971
February 2, 1971
October 6, 1971
1976
1976
January 27, 1976
1981
December 23, 1981
1984
April 23, 1984
December 23, 1984
1986
1988
1994
June 7, 2000
2001
2001
February 2, 2001
October 5, 2002
November 25, 2007
2009
2009
May 23, 195X

Age
76
70
79

Previously
Identified
x
x
x

Newly
Identified

x
76
87
72
94
50
102
92
19
77
76
70
107
74
90
97
93
71
94
80
83
79
79

x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
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Appendix A.2 (Continued)
Record
Identification
OC0098
OC0099
OC0160
OC0164
OC0169
OC0216
OC0233
OC0355
OC0732
OC0786
OC0786
OC0920
OC1028

First Name
E
B

Middle
Name
H

Ezekiel
Daniel
Tempie
Charles
Emily
B
J

W
E

Last
Name
D
Dunston
Webb
Webb
Webb
Williams
Anderson
Debnam
Curtis
Thorton
Thorton
B
Jackson

Birth Year

Death Year

Age

Previously
Identified
x
x

Newly
Identified
x
x

x
x
x
x
x
x
x
x
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Appendix A.3
Family plot and markers identified at Oberlin Cemetery
Record
Identification

Enclosure Family
Names

Has Family
Monument

Features Inside (n)

Previously Identified

FP00

Turner

Yes

10

FP01

Turner

No

3

FP02

Smith, Osbourne

Yes

8

FP03

Snellings

No

3

FP04

Unknown

No

2

FP05

Dunston

No

21

FP06

Pulley, Curtis,
Trice

Yes

5

FP07

Howard, Peebles No

FP08

Lipscomb

No

1

FP09

Hopkins

No

6

FP10

Copcland

No

3

FP11

Cruse, Curtis

No

4

FP12

Snelling

No

4

FP13

Unknown

No

0

FP14

Jones, Peebles

No

8

Newly Identified
X

X

X

10
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Appendix A.3 (Continued)
Record
Identification

Enclosure Family
Names

Has Family
Monument

Features Inside (n)

Previously Identified

FP15

Cook, Barnweld

Yes

8

FP16

Hall

No

13

FP17

Thompson

No

6

FP18

Bobbitt, Higgs

Yes

6

FP19

Flagg

No

4

FP20

Andrews

No

12

FP21

Grant, Curtis,
Curties

No

10

FP22

Unknown

No

2

FP23

Hunter

No

5

FP24

Webb

Yes

14

FP25

Turner

No

7

FP26

Hinton

Yes

5

FM00

Alford

N/A

X

FM01

Morgan

N/A

X

FM02

Williams

N/A

X

Newly Identified
X

X

X

X
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Appendix A.3 (Continued)
Record
Identification

Enclosure Family
Names

Has Family
Monument

Features Inside (n)

Previously Identified

FM03

Pettiford, Hardy

N/A

X

FM04

Trice

N/A

X

FM05

Stanley

N/A

X

Newly Identified

117

