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Executive Summary 
 

 Groundwater levels in surficial coastal aquifers are dynamic and responsive to 
climatic changes. The water table in unconfined coastal aquifers typically lies above mean 
sea level and fluctuates in response to Sea Level Rise (SLR) and tidal oscillations. Over 
long time scales, SLR lifts the water table closer to the land surface. On short time scales, 
coastal water level fluctuations driven by tides induce fluctuations in the water table, 
which, though dampened with distance from the coastline, generate an additional 
contribution to coastal flooding potential. Sea-level driven groundwater inundation can 
compound with rainfall-driven and coastal tidal flooding and increase flood risk to low-
lying areas. Hence, in order to fully evaluate coastal flooding risk, all of the hydrological 
processes affected by sea level must be accounted for, including groundwater inundation 
driven by tidal fluctuations and water-table rise.  The present work evaluates the 
importance of groundwater inundation relative to marine inundation, under different 
SLR scenarios, by using widely available geographical data and groundwater level 
observations. The Hampton Roads region of southeast Virginia was selected as a case 
study to develop the groundwater inundation model, and reveals how the spatial extent 
and depth of flooded land increases significantly by including groundwater inundation.   
  Spatial forecasts of how water tables will respond to SLR, which can be produced 
using a Geographic Information System (GIS), require spatially continuous estimates of 
either depth-to-water (DTW, i.e. distance between the land surface and the top of the 
water-table) or water table elevation. The United States Geological Survey (USGS) collects 
daily water table depth measurements at several groundwater observation wells. For this 
research, an automated system was developed to collect and analyze long-term average 
water table depths at USGS observation wells. The methods can be easily extended to 
compute the DTW in connection with wet and dry years. Water table mapping requires 
interpolating between observation wells, which, in turn, requires a sufficiently dense 
observational network. To overcome the limitations of often scarce observations, a high 
resolution Digital Elevation Model (DEM) produced by air-borne LiDAR (Light Detection 
and Ranging) was used to extract elevations along streams, rivers, lakes, ponds, and 
wetlands, as estimates of the water table at the intersection with the land surface. These 
water table estimates were used with the long-term average water table elevations at the 
USGS observation wells to improve the accuracy of interpolation of the water table 
surface. A kriging algorithm was used to create an estimated water table surface and a 
cross-validation technique was used to measure predictive ability of the interpolation. 
On average, water table elevations were underestimated by 0.012 feet (or 0.14 inches; 3.6 
millimeters), an acceptable uncertainty in the present context.    
 A second objective of this project was to delineate the extent of the tidal influence 
on the unconfined aquifer of the Virginia Coastal Plain. In general, coastal aquifers 
become less sensitive to the influence of tidal effects with increasing distance inland. 
Using spectral analysis, tidal-level time series data obtained from National Oceanic and 
Atmospheric Administration (NOAA) were compared to the groundwater-level time 
series in USGS wells to obtain an estimate of attenuation of tidal forcing with distance 
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from the shoreline. The estimated water table was then projected throughout the study 
area as a function of distance from the shoreline and aquifer properties, to produce a 
spatially-distributed estimate of tidal forcing.  
 Better adaptation decision-making hinges on the ability of coastal communities to 
understand the spatial distribution of coastal water-tables in addition to local information 
of the processes that control changes in water table depth, such as the extent of local tidal 
forcing. Results from this project reveal that, within the study area, the land area flooded 
by groundwater inundation comprises the majority of coastal inundation (approximately 
97% of the total flooded area) under the 0.44-ft SLR scenario. Under the 0.83 to 1.83-ft SLR 
range, the contribution of groundwater inundation to total flooded areas decreases, but 
still comprises more than 70% of total flooded area. The widespread contribution from 
groundwater flooding reveals that rising water tables induced by SLR are both a current 
and future risk that the scientific community must continue to monitor. These results 
expose the importance of enhancing groundwater monitoring networks, especially 
within surficial aquifer systems, in order to gain a better understanding of how coastal 
water tables are responding to rising sea levels.    
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1 INTRODUCTION AND BACKGROUND 
 

1.1 SEA LEVEL RISE IMPACTS: MARINE AND GROUNDWATER INUNDATION 
 

Sea level rise (SLR) is a complex and multi-facet impact of global climate change 
surrounded by high levels of uncertainty regarding magnitude and timing of impacts. 
Sea levels have risen approximately eight inches over the last century and the National 
Climate Assessment has set upper limits of SLR at 6.6 feet by 2100 (Burkett and Davidson, 
2012).   Certain coastal cities in the United States (U.S.) are uniquely vulnerable to SLR 
given local land characteristics, regional land subsidence, hydrogeological settings, tide 
and wave energy dynamics, and anthropogenic water resource management decisions. 
In order to spatially grasp the enormity of this threat to coastal communities, over 10% 
of the United States population 
reside within 3.3 feet of the high 
tide zone (Bolter 2014). 
Vulnerable cities along the U.S. 
coastline already experience the 
impacts of SLR to their natural 
resources, critical assets, and 
infrastructure. For example, 
Miami, Florida and Norfolk, 
Virginia experience frequent 
nuisance flood events, defined 
as minor coastal flooding 
during high tide as a result of 
increasing sea levels (Sweet et. al 
2014).  

The impacts of SLR manifest in two main forms of coastal flooding: marine 
inundation (also called coastal flooding) and groundwater inundation, depicted in 
Figure 1. Marine inundation is flooding from 
“above” the land surface that results from a 
combination of storm surge, elevated high tides, 
river inflow, and waves. Conversely, 
groundwater inundation is flooding that 
originates from “below” the land surface as sea 
level rise and/or heavy rainfall lift the water table 
to an elevation that penetrates the land surface 
with groundwater, which can consist of 
freshwater, saltwater, or a combination of fresh-
saline water. While groundwater inundation is a 
slow-onset coastal hazard, coastal communities 
are already witnessing the impacts of elevated 

Figure 1:  Conceptual diagram of marine and groundwater inundation, obtained 
from Rotzoll and Fletcher (2012). 

Figure 2: Virginia Beach USGS groundwater observation 
well response to hurricane Sandy 
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water tables. For example, New Jersey city planners recently abandoned more than 120 
groundwater water supply wells because of saltwater contamination (Chang 2011). 
Extreme weather events contributing large volumes of flooding and runoff can induce 
rapid groundwater-level rise. Figure 2 depicts the response in a United States Geological 
Survey (USGS) groundwater well in a tidal estuary located in Virginia Beach, VA during 
hurricane Sandy in October 2012; the water table rose almost two feet in a few days in 
response to storm water infiltrating into the water-table aquifer.  Shallow water-tables, 
therefore, increases flood risk because of limited storage space for infiltration and 
retention of water.  

  

1.2 COASTAL FLOOD INUNDATION METHODS 

 

While the scientific community has begun to rapidly develop climate models and 
large databases to reflect the most current and accurate projections of SLR, the majority 
of this information focuses on the impact of marine inundation on coastal lands and 
resources. Despite advanced research on tidal forcing in coastal aquifers, SLR and coastal 
inundation forecasts typically neglect the influence of SLR on changes in unconfined 
aquifer storage capacity (Kuan et. al 2012). Specifically, these models only use ground 
surface  elevation  to  identify  areas  that  are  at  risk  to  coastal  flooding  (i.e.,  “bathtub”  
models).  This approach over-simplifies the hydrological processes that occur during 
SLR because it only considers marine inundation and discounts the possibility of super-
elevation of groundwater as a result of SLR (Romah 2012). The distance from the land 
surface to the top of the surficial aquifer, the water table depth, is an important parameter 
to include in comprehensive flood inundation assessments (Matson and Fels 1996).  

A review of the literature on groundwater modeling and water-table mapping 
suggests that limited guidance for how to rapidly access large-scale coastal groundwater 
vulnerability to SLR, especially in areas with limited data availability, slows advances in 
developing comprehensive flood inundation models that include water table conditions. 
Hydrogeologists have produced significant research on groundwater-seawater 
interaction focused on saltwater intrusion and its impact on water quality; however, 
research concentrating on tide-induced groundwater-level fluctuations leading to 
groundwater inundation is less common. Furthermore, research focused on tide-
induced groundwater-level fluctuation mainly explores processes in confined aquifers. 
Recent studies suggest unconfined coastal aquifers are more susceptible to rising water 
table levels induced by SLR due to higher permeabilities and hydraulic conductivities 
(Watson   2010).   

Another challenge involves complexities inherent in modeling water table 
response to SLR, especially temporal uncertainties. Many coastal vulnerability 
assessments discount the potential for saltwater intrusion into coastal aquifers by 
pointing to the lag time that occurs between sea level change and landward migration 
of the salt-freshwater interface (Watson 2010). However, while sea-level change 
typically occur over geologic time scales, recent studies suggest that saltwater 
intrusion relative to the SLR can occur on much shorter time intervals than  previously  
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thought  (Watson  2010;  Feseker 2007). Rotzoll and Fletcher (2012) explored  
groundwater inundation under various SLR scenarios in Hawaii, finding that factoring 
in groundwater inundation more than doubles previous flood predictions with marine 
inundation alone. These findings present an interesting opportunity to synthesize and 
expand upon coastal groundwater research in order to develop a modeling methodology 
to map a continuous water table surface for the U.S. East Coast, an area that is uniquely 
vulnerable to the threats of rising sea levels given the concentration of population and 
critical asset.  

 

1.3 COASTAL GROUNDWATER SYSTEMS 

 
The water table is the surface of saturated conditions beneath the land surface. 

Below the water table, all pores in soil, sediment, or rock are saturated: completely filled 
with water (Matson and Fels 1996). Monitoring groundwater levels typically involves 
measuring depth to groundwater at individual points along the water table, where water 
rises to the elevation of the water table in a screened groundwater observation well. The 
height that water rises within a well, is also referred to as hydraulic head, which is a 
measure of the total available energy available to move groundwater. The depth of the 
water table below land surface depends on many dynamic environmental conditions 
and processes affecting the rate at which water enters and leaves the saturated zone 
(Matson and Fels 1996). In general, when the recharge (rate at which aquifer receives 
water) exceeds the discharge (rate at which aquifer releases water), the water table rises. 
When discharge exceeds recharge, the water table lowers. In coastal areas, the general 
pattern of freshwater groundwater flow is from inland recharge areas, where 
groundwater levels and hydraulic heads are typically highest, to coastal discharge areas 
where groundwater levels are typically lowest (Barlow 2003). 

Aquifers are saturated geologic materials beneath the water table, which store 
usable quantities of water to a well or spring (Barlow 2003). The ability of an aquifer to 

Figure 3: Obtained from the USGS (2015); Available online at: http://water.usgs.gov/edu/earthgwaquifer.html 
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transmit water is a function of the material’s hydraulic conductivity, which is a measure 
of the total energy available.  Units of a geologic formation that have low permeability 
can separate and confine other aquifers. Thus, aquifers can be in an unconfined or 
confined state. An unconfined aquifer is not surrounded by impermeable material and 
therefore, the water table is not confined from the atmospheric pressure. Water table 
aquifers are characterized as being “unconfined” since the head in the aquifer is at 
approximately the same elevation as the water table and because the surface is not 
confined by impermeable material (Barlow 2003).    

Coastal aquifers are groundwater environments bordered by a marine system 
that oscillates in a periodic and predictable manner along with tidal patterns (Anderson 
2014). This fluctuating boundary condition results from the interaction between fresh 
and saline groundwater (Xun et. al 2015). Groundwater flux to oceans, known as 
‘submarine groundwater discharge’ (SGD), varies with tides and contributes nutrients 
and water to nearshore environments (Abarca 2013). The groundwater table in aquifers 
in the coastal zone typically lies above mean sea level. As a result of this elevation 
gradient, groundwater in the coastal zone generally flows seaward, referred to as 
topographically driven groundwater flow (Anderson2014). 

 The freshwater-saline water interface exists due to the density differences 
between the two layers, with heavier saltwater residing beneath freshwater. Short 
timescale variations such as tides, waves, and extreme weather events as well as longer 
timescale variations such as seasonal, inter-annual and inter- decadal variations in 
flowrates, and millennial variations in sea levels affect the landward and seaward 
extent of ocean-groundwater interactions (Anderson 2014). While sea-level changes 
typically occur over geologic time scales, accelerated rates of local relative sea level rise 
over the past few decades suggest that rising sea levels intruding coastal aquifers can lift 
the water table on much shorter  time  intervals  than  previously  thought  (Watson  2010;  
Feseker  2007).   
 

1.4 GROUNDWATER LEVEL RESPONSES TO SEA LEVEL FLUCTUATIONS  

 
The landward migration of the salt-freshwater interface will likely have a 

nonlinear response to SLR due to the transient processes of recharge or discharge 
associated with a changing climate and coastal heterogeneity (Rotzoll and Fletcher 2012). 
While anthropogenic activities such as land use changes and groundwater extraction are 
major drivers of the inland migration of the saline-wedge, natural hydrologic process 
such as rising sea levels, tidal effects, and changes in rainfall patterns are anticipated to 
aggravate the problem (Chang et. al 2011). The multiple drivers controlling the response 
of groundwater- levels to SLR challenges our understanding of the interactions and 
combined effects of these processes. Uncertainty regarding the differential response of 
specific locations to the various drivers further complicates the analysis. The 
predominant driver dictating the landward migration of the saline wedge will   likely   
have   significant   spatial   variability; in   some   places,   groundwater   extraction 
initiates saltwater intrusion into coastal aquifers, while accelerated rates of SLR (i.e., 
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SLR ‘hotspots’) induces super-elevation of groundwater levels in other places. A review 
of the literature on groundwater dynamics identifies the following drivers of the inland 
migration of the saline-wedge in response to SLR, with the relative contribution of each 
of these drivers depending on specific local characteristics (i.e., locally dominant 
hydrological processes): 
 

TIDAL FORCING  
Earth tides are the result of the gravitational pull on the Earth (and its water) from 
the Moon and Sun. The water-table in unconfined aquifers typically lies above mean 
sea level, and fluctuate in response to daily tidal oscillations and other low-frequency 
sources of ocean energy such as waves (Rotzoll and Fletcher). If the Earth were a 
perfect sphere without large continents, all areas would experience two equally 
proportioned high and low tides every lunar day. However, the large continents on 
the planets block the passage of the tidal bulge as the Earth rotates. As a result, tides 
establish complex patterns within each ocean basin. The timescales over which tides 
fluctuate differ from place to place and also impact oscillations in groundwater levels.  
 
Fluctuations in groundwater levels, also called amplitudes, decrease exponentially 
with distance from the nearest fluctuating water body (Rotzoll and Fletcher 2012). 
Groundwater levels become less sensitive to the influence of tidal forcing with 
increasing distance inland. Therefore, better understanding of seawater intrusion in 
unconfined coastal aquifers and the ability to spatially delineation the extent of tidal 
forcing on groundwater levels is vital for accurate coastal inundation forecasts. 
Groundwater response to tidal fluctuations strongly depends on the local 
hydrogeological setting, which can be constructed through estimation of aquifer 
properties. (Dong  et.  al 2012).  
 

AQUIFER PROPERTIES 
Understanding and quantitative prediction of groundwater-level response to 
transient stresses on aquifers, such as SLR, requires information on coastal aquifer 
properties. Aquifer properties govern the storage capacity of the aquifer (i.e., aquifer 
Storativity) and how fast water can travel through the aquifer (i.e., aquifer 
Transmissivity, a product of hydraulic conductivity and aquifer thickness). These 
properties depend on the composition of the aquifer and vary spatially due to 
geologic heterogeneity (Senior and Goode 1999). Geologists commonly obtain data 
on aquifer properties by conducting pumping tests (Xun et. al 2015), a technique 
that estimates aquifer properties at a local scale. Another method involves estimation 
of aquifer properties through use of equations that compare ocean tide measurements 
and corresponding groundwater levels at observation wells over a period of time 
(Xun et. al 2015; Carr and Kamp 1969). The accuracy of this method relies on accurate 
field data collection; specifically, appropriate temporal  collection  of  field  data  that  
captures  seasonal,  climactic,  and  human-induced  processes. Therefore, results of 
pumping tests found in local hydrogeological surveys likely contain lower error 
estimations of aquifer properties. 
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Differential vulnerabilities to SLR in confined and unconfined aquifers also reveal 
the importance of aquifer properties on groundwater level fluctuations. Ataie 
Ashitani et. al (2001) investigated tidal effects on groundwater dynamics in 
unconfined aquifers, finding that tidal impacts increase in influence with additional 
confining layers of the aquifer. Conversely, other studies anticipate higher 
vulnerability of unconfined aquifers to SLR due to the higher discharge rates through 
the overlying higher-permeability layers commonly associated with unconfined 
aquifers (Watson 2010). Furthermore, unconfined aquifers typically lie above mean 
sea level and therefore face increased potential for groundwater inundation relative 
to existing conditions.  
 

TOPOGRAPHY  
While the water table does not directly mimic topography due to heterogeneity of the 
underlying geology, topographic gradients do influence coastal groundwater levels.   
Coastal groundwater levels often reflect the surface relief of the land due to capillary 
effects of sediments, what the USGS refers to as “a subdued replica of the land-surface 
topography” (USGS 2015). Topography also regulates the direction of groundwater 
flow, as groundwater flows from high to low-pressure areas in the aquifer (referred 
to as topographically driven groundwater flow). As sea levels rise, the gradient 
driving topographically driven groundwater flow will decrease, resulting in reduced 
ability for the aquifer to hold back migration of the saline wedge (Anderson 2012). 
Figure 4 illustrates the relationship between water-table elevation and land elevation 
in this project’s study area. 
 

 

 
Figure 4: Relationship between water-table elevation and land surface elevation within the Hampton 
Roads study area. 

 

VARIABLE RECHARGE  
Changing precipitation patterns associated with climate change might disrupt the 
energy balance between fresh and saline groundwater discharge. Climate simulations 
predict decreasing rates of precipitation in some areas. Less precipitation corresponds 
to reduced recharge rates on land. This trend might appear to offset rising 
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groundwater levels as rain replenishes coastal aquifers less often, essentially reducing 
water-table elevations.  However, recent studies forecast falling rates of precipitation 
to accelerate landward migration of the saline wedge because of reduced fresh 
groundwater flow to the coast. Under steady-state conditions, the position of the 
saline wedge stays close to the shoreline because of the equilibrium maintained by 
fresh groundwater flow against offshore tidal and wave energy. Falling rates of fresh 
groundwater flow might disturb this balance and result in movement of the saline 
wedge (Anderson 2012). 

 

GROUNDWATER PUMPING 
Overexploitation of groundwater recourse in coastal regions intensifies land 
subsidence, a phenomenon known to accelerate the impacts of relative SLR. Studies 
estimate that over 30 million residents living on the eastern Seaboard rely on 
freshwater aquifers for drinking water (Chang et. al 2011). Groundwater extraction 
can also lead to pumping-induced saltwater intrusion (Kuan et. al 2012).  This occurs 
because pumping of groundwater creates a cone of depression around a pumping well 
that reverses the natural hydraulic gradient from seaward to inland (Anderson 2014). 

 

EVAPO-TRANSPIRATION 
Water tables can fluctuations due to evapotranspiration cycles, but these oscillations 
only appear in very shallow aquifers and typically the effect on water-table elevations 
is small  (Marechal et. a 2012). 
 
 

1.5 OBJECTIVES AND MODEL ASSUMPTIONS 
 

This project has three primary objectives: 

 

1) Build a Python-ArcGIS tool that collects and analyzes real-time groundwater-level 

time series from the USGS website for any U.S. east coast state. 

2) Map a continuous, estimated water-table surface for the Hampton Roads region 

of southeast Virginia, by incorporating information on locations of surface-water 

features and local tidal forcing in the unconfined aquifer system of the Virginia 

Coastal Plain. Water-table elevation maps and tidal forcing maps were produced 

using a variety of estimation methods, making qualitative comparisons between 

the different methods to reveal sensitivities and local drivers.  

3) Demonstrate the applicability of including groundwater data into a coastal flood 

inundation forecast under different SLR scenarios. This purpose of this objective 

is to reveal the compounding impacts of marine and groundwater inundation.  
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 Since the primary purpose of this project is to examine how changes in sea levels 

effect coastal water-table elevations, model development included and excluded the 

following information: 

 

 

 
 
 

 When developing a model or tool intended for practitioner use, geospatial analysts 
should keep it simple, robust, easy to control, adaptive, as complete as possible, and easy 
to communicate with (Little 2004). Little (2004) stresses that simplicity promotes ease of 
understanding and that “important phenomena should be put in the model and 
unimportant ones left out” (Little 2004, page 1843). Focusing on the information listed in 
the left column in the above table was integral to revealing answers to the primary 
research questions. It should be noted that groundwater extraction can be a key driver of 
changes in groundwater levels; however, only USGS groundwater observation wells that 
were used for observational/monitoring purposes rather than extraction purposes were 
used in this analysis in order to remove this possible signal from the dataset.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Model Includes Mode Excludes 

 Topographic Information 
 Tidal Forcing Information 
 Aquifer Property Information 

 Anthropogenic Groundwater 
Extraction Information 

 Variable Recharge Information (i.e. 
Rainfall Patterns) 

  Evapotranspiration Information  
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2 STUDY AREA 
 

While the intent of this project is to build a tool that an U.S. East coast state can 
use, the Hampton Roads in southeast Virginia is used as a case study to demonstrate tool 
usability and validate model parameter assumptions. 

 

2.1 REGIONAL OVERVIEW 
 

Hampton Roads is a large metropolitan 
area consisting of 16 localities including the 
counties of Gloucester, Isle of Wight, James City, 
Southampton, Surry, and York, and the cities of 
Franklin, Hampton, Newport News, Norfolk, 
Poquoson, Portsmouth, Williamsburg, 
Chesapeake, Suffolk, and Virginia Beach 
(McFarland and Bruce 2006). The Hampton Roads 
area experiences accelerated rates of Relative SLR 
due to regional land subsidence exacerbated by 
groundwater pumping, hydrogeological setting, 
and gradual sloping coastlines. The United States 
Army Corps of Engineers created a Sea Level 
Change Curve Calculator (USACE SLC) using 
long-term time series of local NOAA tide gauge 
sea level measurements to forecast future sea level 
rise under three scenarios: low, intermediate, and high. At the Sewells Point tide gauge 
in Norfolk, Virginia, the USACE SLC predicts a relative sea level increase of 0.88 feet and 
1.83, under intermediate and high scenarios respectively, by 2050, and 2.35 feet 
(intermediate scenario) and 5.64 feet (high scenario) by the end of the century (Figure 5).  

 

2.2 VIRGINIA COASTAL PLAIN HYDROGEOLOGICAL FRAMEWORK 

 

Hampton Roads is situated within the Virginia Coastal Plain, a geologic formation 

underlain by a seaward-thickening wedge of unconsolidated to partly consolidated 

sediments of Cretaceous, Tertiary, and Quaternary age (McFarland and Bruce 2006). 

Eight confining aquifers, eight confining units, and a surficial water table aquifer 

comprise the hydrogeological framework of the Virginia Coastal Plain (Figure 6).1  

                                                             
1 The nine regional aquifers (eight confined aquifers and the surficial water table aquifer), “from oldest to 
youngest, are lower, middle, and upper Potomac, Brightseat, Aquia, Chickahominy-Piney Point, St. Marys-
Choptank, Yorktown-Eastover, and Columbia” (Meng and Harsh 1988). 
 
 

Figure 5: Relative sea level change projections for the 
Sewells Point tide gauge in Norfolk, Virginia derived from 
the USACE Sea-Level Change Curve Calculator (Version 
2015.46) (USACE 2015). 
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These aquifers were significantly affected by the Chesapeake Bay Impact Crater, a 
large impact crater formed by a meteorite or comet digging a 6,000-foot deep crater at the 
mouth of the Chesapeake Bay. The impact shuffled the confining layers in the 
sedimentary formation for significant inland distances, providing channels for seawater 
to intrude. As a result, unique hydrogeological features were formed, such as the 
anomalous inland saltwater wedge where groundwater far from the Atlantic Ocean in 
inland aquifers is unexpectedly salty (Barlow 2003; Figure 7 and 8) 

Groundwater in the Hampton Roads area is a heavily used resource. Industrial 
withdrawals from the two largest groundwater pumping centers in the Virginia Coastal 
Plain have resulted in two regional cones of depression that have water-level declines as 
great as 200 feet (McFarland and Bruce 2006). While it would seem that lower water-
levels would reduce risk of groundwater inundation due to increased storage capacity of 
rainfall and coastal inundation, the opposite is true; overexploitation of groundwater 
resources near the coast increases rates of saltwater intrusion since large withdraw 
centers cause reversed hydraulic gradients from seaward to inland (Anderson 2012; 
McFarland and Bruce 2006). The migrating saltwater wedge has dynamic impacts on 
unconfined aquifer units as it has the potential to lift the water-table on rapid temporal 
scales. Southeast Virginia has begun investing in desalinization technology to address the 
growing water demands as reservoirs of freshwater becomes unusable due to aquifer 
salination (McFarland and Bruce 2006). Accelerated rates of relative sea level rise coupled 
with appreciable pumping stress near the anomalous inland fresh-saltwater transition 

 

Figure 6: Generalized hydrogeological section and directions of groundwater flow in the Virginia Coastal Plain. Graphic obtained from 
McFarland and Bruce (2006). 
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zone (Heywood and Pope 2009) make southeast Virginia aquifers uniquely vulnerable 
risk of saltwater intrusion and corresponding rising water tables.  

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: Obtained from Barlow (2003). Cross-section showing 
features of the Chesapeake Bay impact crater. The impact 
shuffled sediments, providing channels for intrusion of saltwater 
far inland. 

 

Figure 8: Obtained from Barlow (2003), showing the extent of the inland 
saltwater wedge created from the Chesapeake Bay impact crater. 
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3 MODEL DEVELOPMENT AND DATA ANALYSIS 
 

 This project has four primary components: automated data compilation, mapping 
an estimated water-table surface for Hampton Roads, Virginia,  modeling tidal influence 
on the Virginia Coastal Plain unconfined aquifer system, and finally aggregating this 
information for inclusion in a coastal flood inundation forecast under different SLR 
scenarios. Section 3.2 provides a brief summary of the workflow for this project, and 
Section 3.3. explains detailed methodology for the four tasks.   
 

3.1 DATA COMPILATION  
 

 Datasets for this project were collected and compiled into a collection of 
geographic datasets of various types held in a common file system folder, called a 
geodatabase in ArcGIS parlance. The following table contains the type, source, projection, 
and resolution of the datasets used in this project. Links to locations of these datasets are 
provided for all datasets with exception of the LiDAR-derived DEM, which was obtained 
through personal communication with the Hampton Roads Planning District 
Commission.  
 

 

Dataset 

 

Source 

 

Projection 

 

Resolution 

Daily Groundwater-Levels  http://waterdata.usgs.gov/nwis/gw DTW measurements referenced to 

NAVD88 (feet below land surface). USGS 

observation well latitude/longitude 

coordinates re-projected to match LiDAR 

DEM vertical datum (NAVD88). 

Temporal: Daily (2 

values: daily max and 

min depth-to-water in 

feet) 

Hourly Tidal Water-Levels http://tidesandcurrents.noaa.gov/stat

ions.html?type=Water+Levels 

 

Tidal water-levels referenced to NAVD88. 

Re-projection not required. 

Temporal: Hourly (24 

values per day in feet) 

Light Detection and 

Ranging (LiDAR2)-derived 

digital elevation model 

(DEM) for Hampton Roads 

Obtained from the Hampton Roads 

Planning District Commission 

Horizontal datum is NAD 83 State Plane 

Virginia South FIPS 4502 Feet and 

vertical datum is NAVD88. 

Spatial: 2.5-foot cells 

National Wetlands 

Inventory 

http://www.fws.gov/wetlands/Data/D
ata-Download.html 
 

Re-projected to match LiDAR DEM 
projection (NAVD88). 

Spatial: medium 

USGS National 

Hydrography Dataset 

http://nhd.usgs.gov/data.html Re-projected to match LiDAR DEM 

vertical datum (NAVD88). 

Spatial: high  

NOAA Interpolated Mean 

Higher High Water (MHHW) 

Tidal Surface 

ftp://ftp.coast.noaa.gov/temp/hazard

s/NOAA_OCM_MHHWInterpolated

Surface.zip 

Re-projected to match LiDAR DEM vertical 

datum (NAVD88) 

Spatial:100-foot cells 

                                                             
2 LiDAR is a remote sensing method that measures distances to features on the Earth 
surface by analyzing reflected pulsed laser light emitted from a laser. 

http://waterdata.usgs.gov/nwis/gw
http://tidesandcurrents.noaa.gov/stations.html?type=Water+Levels
http://tidesandcurrents.noaa.gov/stations.html?type=Water+Levels
http://www.fws.gov/wetlands/Data/Data-Download.html
http://www.fws.gov/wetlands/Data/Data-Download.html
http://nhd.usgs.gov/data.html
ftp://ftp.coast.noaa.gov/temp/hazards/NOAA_OCM_MHHWInterpolatedSurface.zip
ftp://ftp.coast.noaa.gov/temp/hazards/NOAA_OCM_MHHWInterpolatedSurface.zip
ftp://ftp.coast.noaa.gov/temp/hazards/NOAA_OCM_MHHWInterpolatedSurface.zip
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3.2 SUMMARY OF METHODS 
 

 The following table outlines the general workflow for this project, consisting of 
four primary tasks. Detailed methodology for each task is provided in the following 
section (Section 3.3).  
     

Task Name of Task Summary of Task Datasets Used 

1. Automated 
Groundwater Data 

Collection and 
Analysis 

Python script (using ArcGIS arcpy extension) 
that enables the user to select any U.S. east 
coast state, and collects real-time groundwater 
levels (i.e. daily depth to water-table in feet) 
automatically from the USGS’ National Water 
Information System Web Interface. A filter is 
applied to only collect observations from the 
unconfined aquifer system. The script then 
computes the average depth to water-table 
(DTW) at every well.3 This script also computes 
the long-term amplitude at each well, which will 
be used in Step 3 (Tidal Forcing Analysis). 
 

 USGS daily groundwater observations 
http://waterdata.usgs.gov/nwis/gw 
 

2. Estimated Initial 
Water-Table Surface 

In ArcGIS, map a continuous water-table 
surface by aggregating long-term average 
water-table elevations at USGS observation 
wells with elevations extracted along surface-
water features using the LiDAR-derived DEM. A 
Kriging algorithm is then used for interpolation 
of the estimated initial water-table surface.   

 Long-term average depth to water-table point 
shapefile (discrete) produced in Step 1 

 LiDAR-derived DEM obtained from the 
HRPDC 

 National Wetland Inventory (NWI) shapefile 
delineating wetland boundaries 

 USGS National Hydrography Dataset (NHD) 
shapefile delineating surface water features  

 Created dataset: delineation of surface-water 
features using an elevation “threshold” 

method 
  

3. Modeled 
Groundwater 

Amplitude Surface  
 

(Analysis of tidal 
forcing on coastal 

aquifers) 

Matlab script that computes a Fourier Transform 
of the positive, daily fluctuations of 
groundwater-levels to reveal dominant time-
scales driving water-table fluctuations. A simple 
analytical solution, derived by Jacob (1950), 
was used to model amplitude response in the 
aquifer to tidal forcing at any distance from the 
shoreline. A map of a continuous amplitude 
surface was produced by applying this equation 
in ArcGIS.   

 Long-term average water-table amplitude 
point shapefile (discrete) produced in 

Step 1 
 Daily time-series of water-table 

amplitudes (not averaged) 
 Hourly time-series of NOAA tide gauge 

water levels 

4. Comprehensive 
Coastal Flood 

Inundation Analysis 
 

Adds the modeled groundwater amplitude 
surface to the water-table surface to yield an 
estimated steady-state water-table at Mean High 
Water. Creates maps of groundwater and marine 
inundation under different SLR scenarios.  

 Groundwater amplitude surface produced 
in Step 3 

 Estimated initial water-table surface 
produced in Step 2 

 LiDAR-derived DEM 
 SLR forecasts (USACE Sea Level 

Change Curve Calculator) 

  

                                                             
3 Script can be slightly tweaked to compute water-level extremes (i.e. long-term maximums or minimums) 

http://waterdata.usgs.gov/nwis/gw
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3.3 DETAILED METHODS 
 

3.3.1 AUTOMATED GROUNDWATER DATA COLLECTION AND ANALYSIS  
 

Python is a programming language that allows programmers to create geoprocessing 
scripts that are compatible with ArcGIS. A python script was developed to obtain, 
aggregate, and compute statistics on a time-series of depth-to-water (DTW) well data. 
The script uses the URLLIB module to collect 10 years of daily DTW (daily maximum and 
minimum) from the USGS’ National Water Information System Web Interface in real-
time, meaning that every simulation of the script updates the groundwater dataset 
inclusive of the day the tool is run. The script uses the ARCPY module to create a point 
feature class in ArcGIS that contains the USGS site number and long-term average DTW 
at each observation well.  
 

Tool Inputs:  

  

 STATE ABBREVIATION – The user selects the abbreviation for a state along the 

Eastern Seaboard. Abbreviations for coastal U.S. states are provided below. 

 

CT State of Connecticut NH State of New Hampshire 

DE State of Delaware NJ State of New Jersey 

FL State of Florida NY State of New York 

ME State of Maine NH State of New Hampshire 

MD State of Maryland NC State of North Carolina 

MA State of Massachusetts NY State of New York 

CT State of Connecticut NC State of North Carolina 

DE State of Delaware RI State of Rhode Island 

GA State of Georgia VA State of Virginia 

SC State of South Carolina   
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For the user-defined East Coast state, the Python script: 

 

1. Constructs the URL to retrieve all of the groundwater observation wells in the 

specified state with real-time daily groundwater levels (maximum groundwater 

levels in feet below land surface) 

2. Creates a CSV file with the daily groundwater levels. 

3. Creates a feature class (point feature) of groundwater observation well locations 

(latitude and longitude coordinates) from data stored in the project folder (within 

the GW_Well_Database folder). 

4. Aggregates daily groundwater levels over the 10 year period into monthly 

averages. Resulting pivot table contains an average water level for every month. 

5. Creates a new field to compute the long-term average depth to water-table level, 

representing the average groundwater conditions at the USGS observation well. 

6. Joins the table with maximum groundwater levels to the groundwater observation 

well feature class based on the common key (USGS site identification number).  

 

Tool outputs: 

 Point shapefile with the following attributes: 1) long-term average depth to water-

table (feet) and 2) long-term average water-table amplitude at each USGS observation 

well.  

 

 The resulting feature class for the state of Virginia was used for the following 

analyses. Specifically, USGS observation wells contained within Hampton Roads were 

selected and used to develop model parameters. To convert DTW to water-table 

elevations for purposes of the next task, DTW was subtracted from the LiDAR-derived 

DEM elevation at the USGS observation wells.   

 

3.3.2 ESTIMATED INITIAL WATER-TABLE SURFACE 
 

Advances in methods for mapping continuous water-tables provide an opportunity 
to overcome the issues of coastal bias (i.e. absence of groundwater observations near the 
coastline) and more generally, a sparse USGS groundwater network. Depth-to-water 
(DTW) is typically very shallow along surface-water features, such as streams, rivers, 
ponds, lakes and wetlands (Walker et. al 2011; Nicholas 2012; Martin and Andres 2008). 
The USGS (Martin and Andres 2008) and the Delaware Geological Survey (Martin and 
Andres 2008) implemented an approach, called the “Relative Altitude” method, to 
support mapping water tables at higher accuracies using 1) measured water-table depths 
2) elevation data, and 3) location of surface-water features. These datasets can be 
synthesized to develop a linear regression (LR) equation that statistically relates 
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measured water-table depths to values of relative altitude at the well (land-surface 
elevation relative to that of the local receiving-water body).  

The Relative Altitude method was initially used to estimate a continuous water-table 

surface for the Hampton Roads region, but resulted in a significant overestimation/ 

underestimation of the water table elevation in some places (see Appendix E for detailed 

methodology of the Relative Altitude approach). This is due to the fact that the regression 

equation reflects conditions associated with local hydrogeology. Over large areas, the 

relation between relative land-surface altitude and observed water-table depth below 

land surface might differ. Therefore, instead of using regression to make estimates of 

water table elevations, the original, long-term average water-table elevations at USGS 

observation wells4 and extracted surface-water elevations were aggregated into a single 

point shapefile in ArcGIS. A Kriging interpolation algorithm was then used to calculate 

the estimated, continuous water-table surface. A key assumption of the interpolation 

method is that the boundaries of surface-water features represent an intersection of the 

water table with the land surface (Martin and Andres 2008). Therefore, the LiDAR DEM 

was used to extract elevations of surface-water features. Figure 9 illustrates the water-

table terms used in the interpolation method. This analysis consists of two primary steps: 

data compilation and interpolation. 

 

                                                             
 

Figure 9: Plan-view illustration showing the estimated water-table including graphical representation of points created along surface-
water features for extracting elevation in relation to the vertical datum. Illustration modified from Martin and Andres (2008). Water-
table elevation can be positive (above NAVD88) or negative (below NAVD88). 
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3.3.2.1 Data Compilation: Delineation of Surface-Water Features 

 

Publicly-available geospatial datasets of locations of surface-water features include 
the National Wetland Inventory (NWI) developed by the U.S. Fish & Wildlife Service 
(FWS) and the National Hydrography Dataset (NHD) developed by the USGS. In ArcGIS, 
the following steps were used to extract elevations from surface-water features: 

1. Convert surface 

water-features from 

polygons to polylines 

(Polygon to Line tool) 

2. Dissolve surface 

water-feature lines to 

obtain one continuous 

surface-water feature 

(Dissolve) 

3. Construct points 

along the surface 

water-feature lines 

(Editor tool, then 

Construct Points 

using a distance of 200 

feet between points) 

4. Extract the LiDAR 

elevation value for each 

point along the surface-water points (Extract Values to Points tool) 

Results of performing these steps on the 
NHD (waterbody layer) and NWI (layers 
included = estuarine and marine 
deepwater wetlands, freshwater ponds, 
lakes, and rivers)  data revealed that the 
delineation of surface-water features 
derived from these datasets did not 
maintain the correct spatial configuration 
of these features in comparison to their 
location within the LiDAR DEM. 
Resolution differences between the 
publicly-available datasets and the LiDAR 
DEM would introduce significant error 
into this analysis when elevations are 
extracted. For example, some NHD/NWI-
delineated features protruded into 

Figure 10: Comparison of delineation of surface-water features. 

Figure 11: Visualization of difference between NAVD88 and MSL 
datums in southeast Virginia 
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neighborhoods of higher elevations (green polygon, Figure 10), therefore not capturing 
the true elevation of the surface-water features.  Thus, an alternative method was used to 
delineate surface-water features. A threshold elevation of zero feet was selected by 
visually inspecting the LiDAR DEM to approximate an elevation range that would best 
capture surface-water features. This elevation corresponds to approximately MSL since 
the NAVD88 datum is approximately 0.25 feet higher than MSL in southeast Virginia 
(Figure 11). The Reclassify tool was implemented in ArcGIS to delineate all gird cells that 
were less than or equal to this threshold elevation. This raster was converted to a polygon 
feature, and Step 1-4 above were implemented to extract elevations along these 
delineated surface-water features. Figure 10 depicts the differences between the 
delineated NHD, NWI, and “Threshold Method” surface-water features. In addition to 
the threshold-delineated surface-water features, the following surface-water features 
were selected from the NHDflowline-high resolution layer: 1) connector, 2) river/stream, 
and 3) artificial path. These line features were converted into polygons, and Step 1-4 
above were implemented to extract elevations along these features. Inspection of the 
resulting elevation values (i.e. estimated water-table elevations) revealed that there were 
values that were significantly lower than -0.25 feet, going as low as -6.0 feet. Because the 
elevations of the water table is above MSL under static conditions, extracted elevations 
that were less than -0.25 feet are generally considered to be non-representative of local 
conditions and were therefore removed from the dataset.  

        Figure 12: Points along surface-water features where LiDAR elevations were extracted from. 
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3.3.2.2  Interpolation 

 

Geostatistics is a class of 
statistics used to analyze, predict 
and model spatial or 
spatiotemporal phenomenon. 
Geostatistical interpolation 
techniques use sample points taken 
at different location in a landscape 
and creates (interpolates) a 
continuous surface. In general, 
things that are closer together tend 
to be more alike than things that are 
farther apart. To account for this 
distance relationship, interpolation 
weights values of closer points more heavily than those farther away (ESRI 2015).  

To prepare for interpolation, the water-table elevations extracted along surface-water 

features were aggregated with the water-table elevations (long-term average conditions) 

at the USGS observation wells in the study area using the Merge tool in ArcGIS. Using the 

measured water-table elevation sample points within the study area, a Kriging algorithm 

was implemented in the ArcGIS Geostatistical Analyst to create predictions for 

unmeasured locations within the same area.  Kriging assumes that at least some of the 

spatial variation in the measured water-table elevations can be modeled by random 

processes with spatial autocorrelation, predicts values at unmeasured locations, and 

assesses the uncertainty associated with a predicted value at the unmeasured locations.   

3.3.2.3 Evaluation of Interpolation Results 

 

Within the kriging family, there are many different interpolation methods. Three 
kriging interpolation methods were explored here: 1) ordinary kriging with spherical 
variogram, 2) ordinary kriging with exponential variogram, and 3) universal kriging with 
linear drift and exponential variogram. A variogram is the variance of the difference 
between two variables at two locations, which is a function of the degree of spatial 
dependence (ESRI 2015).  

Cross validation is a technique used to assess how well the interpolation model 

predicts the values at unknown locations. The Geostatistical Analyst computes cross 

validation through the “leave-one-out” approach, where one point is left out and the rest 

of the points are used to predict a value at that location. The point is then added back into 

the dataset, and another point is removed.  The Geostatistical Analyst does this for all 

sample points in the dataset and provides pairs of predicted and known values that can 

be compared to assess the model’s performance. Model validation is another technique 

the Geostatistical Analyst performs to check whether model parameters were chosen 

ArcGIS Geostatistical Analyst (Desktop Extension) graphic, obtained from: 
http://www.esri.com/software/arcgis/extensions/geostatistical 
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correctly for the dataset, for example, choice of semivariogram model, lag size, and search 

neighborhood. To create the best models for the water-table elevation dataset, the 

“Optimize Model” option was selected which calculates values for parameters using an 

iterative cross validation technique.  

Geostatistical Analyst also produces graphs and summaries of the measured values 

versus the predicted values. Several different kriging models were implemented on the 

water-table elevation dataset. The three models (ordinary/spherical, 

ordinary/exponential, and universal/exponential with linear drift) were compared by 

analyzing the resulting scatterplots of predicted versus true values to determine which 

type of kriging interpolation method worked best. With autocorrelation and a good 

kriging model, the values should scatter around the 1:1 line (the grey lines in the Figures 

13-15 below). It is a property of kriging that the slope of this line is typically less than 1, 

since kriging tends to underpredict large values and overpredict small values (ESRI 

2015). Figures 13, 14, and 15 show the results of the fit of the models. Figure 15 

(universal/exponential with linear drift) performed best, shown by the proximity of the 

blue and grey lines (i.e. very close to 1:1). One reason why this model performed best is 

that the surficial aquifer system typically slopes, gently, towards the ocean. Introducing 

drift, therefore, accounts for the inclusion of this sloping gradient.  The total mean error 

of the interpolation is -0.012, computed by the Geostatistical Analyst by taking the 

average of all of the differences between measured and predicted values. This means that, 

on average, the water-table elevation is underestimated by 0.012 feet (or 0.14 inches), a 

relatively small error overall. 
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Figure 15: Scatterplot of predicted values versus true values using the universal/exponential with linear drift. 

After cross-validation was performed and the universal kriging with linear drift 

method was chosen as the best model for interpolation, the Geostatistical Analyst 

produced a continuous surface of water-table elevations throughout the study area. This 

surface was exported to a raster format with 100-feet horizontal resolution (Figure 16).  

  

Figure 13: Scatterplot of predicted values versus true values 
using the ordinary/spherical kriging method 

Figure 14: Scatterplot of predicted values versus true values 
using the ordinary/exponential kriging method 
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Figure 16: Estimated water-table map for Hampton Roads, derived through the universal/exoponetial with linear drift 
Kriging interpolation method 
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3.3.3. MODELED GROUNDWATER AMPLITUDE SURFACE: ANALYSIS OF TIDAL FORCING ON 

COASTAL AQUIFERS 
 

The Hampton Roads region was used as a case study for this analysis of tidal forcing. Model 
parameters were derived and calibrated based on data analysis for this region. Therefore, if this 
analysis is performed in another area, re-parameterization is required to reflect local aquifer and 
tidal characteristics.  

A simple analytical solution, derived by Jacob (1950), was used to predict amplitude 
response in an aquifer to tidal forcing at any distance from the shoreline (Equation (Eq.) 1). While 
Jacob (1950) derived for an idealized confined aquifer, it is applicable to unconfined coastal 
aquifers when tidal oscillations are small relative to aquifer thickness (Anderson 2014; Rotzoll 
and Fletcher 2012; Erskine 1991). Equation (1) can be applied spatially in ArcGIS. The key 
assumption of this solution is that the estimated amplitude attenuation is predicted throughout 
the study area as a function of distance from the shoreline. Furthermore, the unconfined aquifer 
is treated as a homogeneous unit with uniform aquifer properties.   

 
 
 

 
 
 

 
 
 
 
 

Equation Parameter Unit Definition 

X Feet (ft) Distance from well to nearest fluctuating water body. 

Ho Feet (ft) Tidal amplitude 

Hx Feet (ft) Amplitude response in the aquifer 

to Hours (h) Period of tidal oscillation (at the ocean) 

S Dimensionless 

Storativity of the aquifer, which is defined as the volume of 

water released from storage per unit surface area of an 

aquifer (Duffield 2015). 

T 
Feet squared 

per day 

(ft2/day) 

Transmissivity of the aquifer, which is the rate of flow under 

unit hydraulic gradient through a unit width of aquifer of a 

given saturated thickness (Dunfield 2015). Transmissivity is the 

product of the hydraulic conductivity of the porous medium 

and the thickness of the aquifer (i.e., T = hydraulic conductivity 

* aquifer thickness) (Anderson 2014). 

(Eq. 1) 
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DISTANCE (X) 
 

While an existing coastal shoreline layer, such as NOAA’s 
medium resolution shoreline could be used to calculate the distance 
parameter, the resulting distances would not capture all of the 
smaller surface water features that experience tidal fluctuations. 
Tidal oscillations not only effect the ocean shoreline, but also 
propagate deep into estuaries and tidal rivers. Delineation of surface 
waters that share a hydrologic connection with the ocean under 
current mean sea level (MSL) conditions (i.e. SLR = 0 feet) was created 
in ArcGIS using NOAA’s hydrologic connectivity method (NOAA 
2012). This approach to modeling hydrological connectivity uses a 
LiDAR DEM to classify grid cells as “flooded” only if the elevation of 
the cell is below sea level and if it is connected to an adjacent grid cell 
that was flooded or open water. This method defined connectivity with the ‘eight-side 
rule’ (Figure 17), a raster modeling approach that classifies a grid cell as connected if its 
cardinal and diagonal directions are connected to a flooded grid cell (Poulter and Halpin  
2008).  

The NOAA hydrological connectivity approach requires a continuous tidal 
surface grid as an input data layer, which was obtained from NOAA’s Office for Coastal 
Management (OCM) on July 17, 2015. This layer was created by interpolating Mean 
Higher High Water (MHHW) tidal values derived from long-term NOAA tide gauge 
water level time-series. The surface layer was originally vertically referenced to NAV88 
meters, but re-projected in ArcGIS to match the spatial reference of the LiDAR DEM. 
MHHW is defined as the average of the higher high water height of each tidal day over 
the National Tidal Datum Epoch, the official standardized 19-year time period over 
which tide observations are taken and reduced to obtain mean values (i.e., MHHW) for 
tidal datums) (NOAA 2015). The surface represents an extension of the MHHW tidal 
data datum, covering all tidally-influenced areas along the coast. NOAA created this 
data layer to support mapping of tidally-based inundation scenarios on high resolution 
digital elevation models. This layer along with the LiDAR DEM were used as inputs for 
the NOAA hydrological connectivity approach (NOAA 2012; Appendix F). Delineation 
of tidally-influenced surface waters in a section of the study area is illustrated in Figure 
18. 

In order to calculate distance to the nearest hydrologic-connected surface water, 
an empty raster was created in ArcGIS by reclassifying all cells in the LiDAR DEM to a 
value of one. The Euclidian Distance tool in was then implemented to calculate the 
distance of each raster pixel to the nearest hydrologically connected surface water.    

Figure 17: Eight-sided 
Region Group approach 
in ArcGIS for analyzing 
hydrologic connectivity. 
Obtained from Poulter 
and Halpin (2008). 
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Figure 18: Result from hydrological connectivity method (under current sea level conditions, i.e. SLR = 0) using the eight-side 
approach. 
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TIDAL AMPLITUDE (HO) AND PERIOD OF TIDAL OSCILLATION (tO)  

 
The main tidal periodicity experienced on 

the U.S. east coast is semidiurnal pattern, with two 
daily high tides and two daily low tides. An analysis 
of spatial-temporal variation in water level 
fluctuations in the USGS daily time-series reveals 
useful information about the aquifer system. It was 
hypothesized that the diurnal tidal component 
would be the most significant period. This 
hypothesis was explored by using spectral analysis 
in Matlab to study the response of the coastal 
unconfined aquifer system to tides in order to reveal dominant time-scales driving water-table 

fluctuations (Shin et al 2000). Spectral analysis 
requires a continuous time-series to identify 
significant periods. Therefore, a continuous, 
daily USGS-time-series was downloaded and 
processed for a small-subset of coastal USGS 
wells in Virginia located at varying distances 
from the same fluctuating water body (Figure 
15). Daily amplitudes at the 4 wells were 
calculated first computing the long-term 
average depth to water-table, and then 
subtracting the daily minimum (representing 
the shallowest water-level in that day) from the 
long-term average (Table 1 in Appendix A). This 
daily amplitude represents positive fluctuations 
in groundwater levels. This value was selected 
over the negative fluctuations because 1) the 
purpose of the analysis was to observe the 
influence of tides on raising groundwater levels 
and 2) the trough and crest of the wave likely 
propagate through the aquifer at different rates 
(Figure 19). 

Ten years of continuous, hourly water 
levels were collected from NOAA’s Tides and 
Currents website for the NOAA Chesapeake 
Bay Bridge Tunnel tidal gauge. In order to 
compare the tidal time series to the 
groundwater well time series, the hourly tidal 
time series was also analyzed at the daily 
timescale for positive fluctuations only.  
 For the timeseries, the entire time record is 
divided into sub-periods based on the number 
of total years the timeseries covers. Then, 

Site USGS Site 

Number 

Distance to 

Water (feet) 

Timeseries Date 

Range 

A   365046076041602 115.88 5/17/2006 – 5/17/2014 

B  365307076055302 377.91 6/4/2011 – 6/4/2015 

C  365150076051101 1,392.41 7/14/2006 – 7/14/2015 

D  365212076091202 7,972.71 1/24/2006 – 1/24/2015 

Figure 19: Obtained from:    
https://commons.wikimedia.org/wiki/File:Sine_wave_amplitud
e.svg 

 

Figure 20: Aerial view of groundwater well observation 
wells selected for analysis of tidal forcing 

https://commons.wikimedia.org/wiki/File:Sine_wave_amplitude.svg
https://commons.wikimedia.org/wiki/File:Sine_wave_amplitude.svg
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averages for each of the resulting components were computed to obtain a final “smooth” 
component. A filter was also applied on the timeseries to enhance interesting components and 
remove the ones that hide the cycle of interest, for example, noise that might be associated with 
groundwater withdrawals, rainfall recharge, and evapotranspiration. Fourier analysis of a 
timeseries involves extraction of the series of sines and cosines that when superimposed, will 
reproduce the timeseries. The Fast Fourier Transform (FFT) algorithm computes the Discrete 
Fourier Transform (DFT) by converting a signal from its original domain of time into a function 
of frequency. By using Fast Fourier Transform (FFT) in Matlab, a power spectral density function 
was created which allows for the identification of important frequencies. The results of the 
analysis on 1) hourly and daily tidal timeseries and 2) the daily groundwater level timeseries for 
Site A are show below since this information is used as an input for the next step (i.e. calculating 
amplitude response in the aquifer). The semi-diurnal component (12.24 hour) from the tide 
gauge station is observed to be the most noticeable signal while the diurnal components (23.96 
and 25.79 hours) are of less relative importance.  

 
TIDAL DATA TIMESERIES     TIDAL DATA TIMESERIES 
Original Hourly Fluctuations from mean sea level)   Positive Fluctuations (i.e. positive departures 

 
GROUNDWATER-LEVEL TIMESERIES 

Positive Fluctuations (i.e. positive departures from mean sea level) 

 

 
 
 
 
 
 
 
 
 
STORATIVITY (S) AND TRANSMISSIVITY (T) 

 
Coastal aquifer composition is typically heterogeneous, a mixture of aquifer condition 

(confined, unconfined), and aquifer materials (Anderson 2012). As described in Section 2.2, the 
Virginia Coastal Plain surficial aquifer is characterized by significant local heterogeneities as a 
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result of the Chesapeake Bay Impact Crater shuffling the sedimentary formation. While inclusion 
of these local heterogeneities, such as identifying hydrogeological features that can convey the 
tidal signal further into the aquifer, would possibly improve the model’s predictive ability, this 
type of analysis requires a more comprehensive dataset at the regional scale.  The purpose of this 
portion of the analysis is to spatially delineate tidal amplitude attenuation with distance from 
the shoreline in the surficial, unconfined aquifer system. Simplifying the observations to one 
dimension by assuming homogeneity of aquifer properties throughout the study area allows 
estimates of extent of tidal propagation throughout the unconfined portion of the aquifer system. 

The Columbia aquifer in the Virginia Coastal Plain is predominantly composed of 
interbedded gravel, sand, silt and clay (Meng and Harsh 1988), and is unconfined throughout 
the study area (Harsh and Laczniak 1990). The unconfined or water-table portion of the 
Columbia aquifer is a key hydrologic unit in Virginia, supplying water to rural and domestic 
users and a major source of recharge to the underlying confined aquifer system (Harsh and 
Laczniak 1990). Saturated thickness of the Columbia aquifer ranges from approximately 15 feet 
near the western extent to 80 feet in the southeastern part of the study area (Harsh and Laczniak 
1990). Because of the permeable character of the aquifer and its near-surface location, the 
unconfined aquifer is highly susceptible to contamination (Martin and Andres 2008). 

 
Eq. (2) requires estimates of transmissivity 

and storativity, or a single value representing the 
ratio of these two parameters (i.e. S/T). 
Transmissivity is the rate of flow through a unit 
width of aquifer of a given saturated thickness 
(Duffield 2015). Transmissivity is related to the 
aquifer’s thickness and hydraulic conductivity, 
which is the rate of flow under a unit hydraulic 
gradient through a unit cross-sectional area of an 
aquifer, as follows (Duffield 2015): 

 

T = Kb  
where T is transmissivity [m2/day] and b is 

aquifer thickness [m] 
 
 McFarland (1998) developed a digital 

numerical model of the ground-water-flow system 
in the Virginia Coastal Plain as part of the Regional 
Aquifer System Analysis Program of the USGS. 
Aquifer properties were derived based on aquifer 
hydraulic properties measure in groundwater 
observation wells. Results from the model indicate 
the transmissivity of the Columbia aquifer ranges 
from 500 to 1,000 feet squared per day (ft2/day) in 
the in the western extent to about 1,000 – 1,500 
ft2/day in the southeastern portion of the study area 
(Figure 16). Visual averaging of this McFarland’s (1998) modeled transmissivity layer (Figure 21) 
produced an average transmissivity estimate of 1,000 ft2/day (or 41.67 ft2/hour) for Equation (1).  

 

Figure 21: Modeled transmissivity values representing 
the Columbia Aquifer, obtained from Mcfarland (1998). 
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Storativity (S) is defined as the volume of water released from storage per unit surface 
area of an aquifer per unit decline in hydraulic head (Duffield 2015). Fewer storativity values are 
reported for the unconfined portions of the Columbia aquifer. However, specific yield (Sy), also 
known as drainage porosity, in unconfined aquifers is approximately equal to storativity since 
the release from specific storage (Ss) is typically orders of magnitude less (Ssb << Sy) (Duffield 
2015). 

 

S = Sy 

where S is storativity [dimensionless], and S is specific storage [m] 
 

A specific yield of 0.15 was reported in Harsh and Laczniak (1990) and estimated by 

Crushing (1973) from analysis of an aquifer test collected on the Eastern Shore Peninsula of 

Virginia. This value is in close agreement with that estimated in other hydrogeological studies of 

the Virginia Coastal Plain (Harsh and Laczniak 1990; Cosner, 1975; Chapelle and Drummond, 

1983). Therefore, a value of 0.15 was used to simulate storage for the unconfined parts of the 

aquifer. 

 Based on the literature review of aquifer hydraulic properties, the ratio of S/T = ~0.00015 

(where S was estimated to be 0.15, and T was estimated to be 1,000 ft2/day). In order to compare 

this documented ratio for the area of analysis, the long-term positive fluctuations for each 

groundwater observation well, derived in Section 3.3.1, was plotted against the linear distance to 

the nearest hydrologically-connected surface water in Excel. The distance parameter was 

computed in ArcGIS using the Near tool from each well point shapefile to the polygon shoreline 

layer (i.e. hydrologically-connected surface waters generated in Section 3.3.3). The y-axis 

(groundwater data) was log-transformed and a logarithmic function was fitted to the data, 

producing the following equation:  

 

 
 

By setting the slope (-0.03) of this equation equal to the square root portion of Equation 

(1) , , the observed S/T ratio was computed to be 0.00023. This values is in close agreement to 
the S/T ratio that was derived from documented aquifer properties from hydrogeological 
investigations.  

y = -0.03ln(x) + 0.3503
R² = 0.3127
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AMPLITUDE RESPONSE IN THE AQUIFER (HX) 
 

The parameterized Equation (1) was used in ArcGIS’ Raster Calculator tool to estimate the 
amplitude at in every pixel of the raster layer based on aquifer properties as a function of distance 
from the shore (Figure 22). Two continuous amplitude grids were created, one for the 12-hour 
period, and one for the 24-hour period, since these tidal components were both determined to 
influence groundwater amplitudes in this region. While the 12-hour fluctuation has a large 
amplitude to start with (1.2 feet), it is attenuated more rapidly. Conversely, the 24-hour 
fluctuation has a smaller amplitude to start with (0.14 feet), and is attenuated less rapidly. Larger 
periodicities, such as monthly or annual signals, were deemed negligible since their amplitudes 
were very small.  

 
 
 

  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 22: Amplitude grids (in raster format) derived from implementing Equation 1 in 
Raster Calculator in ArcGIS 

 

 

 

Equation Variables: 

X = distance (ft), derived from 
Euclidan Distance too in ArcGIS 
HO = 1.2 ft or 0.14 (for 12- and 
24-hour periods, respectively) 
tP = 12.42 hours  
S/T = 0.0002 
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3.3 COMPREHENSIVE COASTAL FLOOD INUNDATION FORECASTING ANALYSIS  
 

  The amplitude grid (combined 12- and 24-hour forcing) was 
added onto the water-table grid using Raster Calculator in ArcGIS 
to yield an estimated water-table at Mean Higher Water (Est WT). 
A map of vulnerable areas to groundwater inundation under 
different SLR scenarios was obtained by adding “high”-scenario5  
increments of SLR obtained from the USACE’s Sea Level Change 
Curve Calculator (Version 2015.46) for the Sewel’s Point tide gauge 
to the Est WT. Pixels were classified as flooded by groundwater 
inundation if the water-table elevation was higher than the LiDAR 
land surface elevation.  
 To visualize the impact of groundwater inundation only on 
land, a mask was created in ArcGIS using the current conditions 
of hydrologic connectivity in polygon form as the input layer. This 
mask was used to extract only flooding that occurred on land.   

 Maps of marine inundation were created by using NOAA’s Detailed Methodology 
for Mapping Sea Level Rise Inundation (NOAA 2012). This approach can be described as 
a modified bathtub approach that attempts to account for local and regional tidal 
variability and hydrological 
connectivity by isolating LiDAR DEM 
cells that are hydrologically 
connected to the ocean or adjacent 
flooded cells using the 8-side 
approach (NOAA 2012). Appendix E 
contains the detailed steps require for 
this analysis. Figure 16 illustrates how 
the extent of hydrological 
connectivity changes from present-
day sea level to 2 feet of SLR.  Areas 
vulnerable to marine inundation are 
obtained by adding estimates of SLR 
to mean higher high water (MHHW) 
in the increments outlined above from 
2020 through 2050. The series of 
figures below illustrate the difference 
between the extent of flooded area by 

                                                             
5 The rate for the “USACE High Curve”, computed from the modified NRD Curve III 

considering both the most recent IPCC projections and modified NRC projections with 

the local rate of vertical land movement added (USACE 2015).  

 

Figure 23: Comparison of hydrological connectivity under different 
SLR increments.  
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marine inundation alone versus extent of flooded including groundwater inundation. 
Comparisons are shown for different areas in northeastern Virginia Beach, including an 
overview coastal inundation in northeast Virginia Beach, and coastal inundation in a 
beach, urban, and residential setting surrounded by wetlands. Visual analysis of 
comparisons reveal that marine inundation, even under the 1.83 foot SLR scenario, makes 
a much smaller impact that combined marine and groundwater inundation. 
Groundwater inundation extends much further inland, creeping in from beneath the land 
surface and flooding roadways, parking lots, yards and some buildings. Impacts also 
include greater extent of flooding on beaches and estuaries as the water-table alone these 
shorelines is more affected by tidal forcing.  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Flooded areas by marine inundation 

shown within a small section of the 

study area, specifically in 

northeastern Virginia Beach near 

First Landing State Park. 

Flooded areas including groundwater 

inundation shown within a small 

section of the study area, specifically 

in northeastern Virginia Beach near 

First Landing State Park. 

Yellow box depicts extent of sub-area 

analyzed for marine vs. groundwater 

inundation.  
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analyzed for marine vs. groundwater 

inundation.  
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Total area flooded by groundwater and marine inundation was calculated by counting 

the number of pixels classified as “flooded” in the raster grids under the different SLR 

scenarios. Calculations of total flooded area was computed for a small section of the 

study area, specifically in northeastern Virginia Beach near First Landing State Park.  

Table 1: Total flooded area by marine and groundwater inundation in northeastern Virginia Beach and percentage of 
flooded area by each flood type of the total flooded area for different SLR scenarios.  

 

 Under 0.44ft of SLR Under 0.83ft of  

SLR 

Under 1.29ft of  

SLR 

Under 1.83ft of  

SLR 

 

Total 

flooded 

area  

 

Marine 

inundation 

flooding  

46,012.50  

(3% of total flooded 

area) 

552,362.50  

(22% of total flooded 

area) 

 936,468.75  

(25% of total flooded 

area) 

1,480,662.50 

(27% of total flooded 

area) 

Groundwater 

inundation 

flooding 

1,408,556.25  

(97% of total flooded 

area) 

 1,924,181.25 

(78% of total flooded 

area)  

 2,699,112.50  

(75% of total flooded 

area) 

3,923,906.25 

(73% of total flooded 

area) 

Figure 24: Graphical representation of total flooded area by marine and groundwater inundation in northeastern Virginia Beach and 
percentage of flooded area by each flood type of the total flooded area for different SLR scenarios. The coral/red color portion of the 
bars represent extent of area flooded by groundwater inundation while the blue color portion of the bars represents extent of area 
flooded by marine inundation. 
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 Under 0.44 feet of SLR, the flooded area by groundwater inundation will comprise 
the majority of coastal inundation (approximately 97% of total flooded area). In the 0.83 
feet to 1.83 feet of SLR range, the flooded area by groundwater inundation is 
approximately four times greater than marine inundation alone. The significant increase 
of contribution from marine inundation can be attributed to the non-linearity of the local 
impacts of SLR due to topography within the study area. Once the threshold of half a foot 
is reach, the land inundated by marine inundation increases more rapidly.   
 A key assumption of this flood inundation analysis is the linear increase in water-
table height with SLR. This assumption is generally applicable in flux-controlled systems 
where the seaward groundwater flux is maintained, for example, in freshwater-lens 
aquifers underlain by saltwater that is directly connected to ocean fluctuations (Rotzoll 
and Fletcher 2012). However, the transient climactic and geophysical processes 
associated with a changing climate, such as shifting coastlines and changing patterns in 
recharge or discharge, may lead to a nonlinear response of the water table to rising sea 
levels (Rotzoll and Fletcher 2012).   
 

4 DISCUSSION 
 

4.1 SIGNIFICANCE OF FINDINGS 
 

 Results of this work reveal that low-lying lands in Hampton Roads are highly 
vulnerable to the impacts of groundwater inundation from SLR. The flooded area 
including groundwater inundation is more than three times the area flooded by marine 
inundation alone. Therefore, in order to avoid underestimation of flood risk, coastal 
inundation forecasts must consider the compounding effects of these flood hazards.  
 As sea level rise lifts the coastal water table, densely populated urban areas will 
observe more frequent incidences of standing pools of brackish water maximized at high 
tide due to prevention of infiltration and drainage associated with shallow water-tables 
(Rotzoll and Fletcher 2012).  Risks associated with elevated groundwater levels in urban 
settings include long-term water management issues due to aquifer salinization, damage 
to underground and low-lying infrastructure in coastal cities, overwhelming existing 
stormwater and municipal drainage systems, and disruption of coastal community 
emergency services, business, commerce, travel, and livelihoods. For example, saturated 
soil conditions and standing water on a property compromise the structural integrity of 
buildings and underground infrastructure. The high hydrostatic pressure associated with 
water-tables pressing up against infrastructure can lead to cracked foundations of homes 
and buildings, corrosion of underground pipes or building materials if groundwater is 
saline or brackish, or result in long-term issues with mold associated with internal water 
damage. The information produced by this modeling research can be used to prioritize 
areas identified as having especially shallow water-tables. Individuals and community 
planners should consider relocating critical assets, businesses, and dwellings to higher 
and dryer lands or improving local drainage in these high-risk areas. Groundwater 
inundation also threatens the integrity and stability of natural ecosystems and resources. 
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For example, groundwater inundation exacerbates the flooding along our beaches, 
estuaries, and tidal rivers. Impacts of marine inundation from storm surge and wave 
overtopping coupled with shallow water-tables could lead to accelerated beach and 
shoreline erosion. Implementation of natural infrastructure, such as planting wetland 
grasses or building oyster reefs, is a potential adaptation solution to mitigate some of the 
adverse impacts of shallow water-tables on natural ecosystems. 
 Visualization of combined marine and groundwater inundation at various spatial 
and temporal scales offers innovative opportunities to implement creative adaption 
solutions to combat these compounding coastal flood hazards.  Spatial mapping of 
regional-scale impacts of tidal forcing on groundwater levels is useful for city and state-
level climate adaptation planning. Planners and managers can use this information for 
design decisions about urban drainage, wastewater treatment, roadways, and locations 
of important city assets such as hospitals (Rotzoll and Fletcher 2012).  This type of 
information might also be useful at the individual and/or community level. One 
foreseeable challenge for climate change adaptation is the ability for communities and 
individuals to align their critical decisions to the ‘multi-scale reality’ of climate impacts 
with a spatial focus on local impacts. While the majority of climate-related flood hazard 
planning occurs at the regional level, there has been a parallel, growing interest from 
individuals and communities for downscaled, flood prediction information  (Vogel and 
Moser 2007; Glavovic and Smith 2014). In order to empower individuals and 
communities to intellectually participate in adaptation solutions, they must have access 
to flood risk assessment data scaled to the parcel-level. Therefore, it will become 
increasingly important to use high-resolution environmental datasets when developing 
models or tools for coastal hazard risk assessment. If more user-friendly tools are made 
available to the public, it is more likely that individuals and communities will engage in 
SLR adaptation and make smarter investment and land use decisions.  
 

4.2 LIMITATIONS 
 
 Limitations of this project include two sources of uncertainty. The first source of is the 

inherent uncertainty associated with modeling the coastal water table. Estimates of water-table 
elevations are affected by multiple parameters, including length, timing, and 
completeness of the groundwater level time series, as well as choice of interpolation 
methods. Therefore, maps of continuous water table elevations are estimates, and the 
values represent the average conditions with associated uncertainty. The second 
limitation involves the uncertainty associated with the validity of the assumptions in 
modeling how the water table will respond to SLR. The key assumption of the coastal 
flood inundation analysis was that there will be a linear increase in water table elevation 
with SLR (i.e. a unit increase in SLR adds the same unit increase to the water table 
elevation). This assumption might fall apart due to the transient climactic and 
geophysical processes associated with a changing climate. Specifically, shifting coastlines 
and changing patterns in recharge or discharge may lead to a non-linear response of the 
water table to rising sea levels. Another related source of uncertainty is that the position 
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of the coastline in this model is static, meaning that the computed tidal attenuation (in 
Section 3.3.3) stays constant even with changes in the position of mean sea level. In reality, 
tides will be able to propagate further inland when the position of the shoreline moves 
landward, thus adding a higher contribution to inland water table height. Therefore, this 
model might be underestimating contribution from tidal forcing on coastal water tables.  
Despite these limitations, obtaining a representation of the water-table is crucial for more 

accurate characterization of flood risk with SLR. Better adaptation decision-making 

hinges on coastal communities’ ability to understand of the spatial distribution of coastal 

water-tables in addition to local information of the processes that control changes in 

water-table depth, such as the extent of local tidal forcing. Uncertainty should not 

paralyze action or scientific investigation, especially since successful adaptation planning 

requires early forecasting of how SLR will impact our coastal resources into the future.  

In addition to flood inundation forecasts, estimates of water-table depth is an important 

variable in many engineering, hydrological, environmental management, and regulatory 

decisions. Water table depth is an important input variable, map layer, and parameter for 

a wide variety of hydrologic and environmental models, such as modeling groundwater 

flow direction and velocity and pollution transport (Matson and Fels 1996).   

4.3 AVENUES FOR FUTURE RESERACH 
 

 New developments in resolution and availability of environmental data in 
addition to expanding utilization of spatial analysis make it possible to overcome 
problems associated with mapping water-tables, especially in regions with inadequate 
groundwater monitoring networks. This research demonstrates how water-table 
mapping along with tidal forcing is possible through assimilation of multiple publicly-
available datasets such as long-term groundwater level timeseries, LiDAR-derived DEM 
to assign elevations to surface-water features, and long-term tide gauge water level 
timeseires. Geospatial modeling that synthesizes these datasets provides a relatively 
accurate and precise and time efficient means of estimating coastal water-tables 
elevations that can be incorporated into coastal inundation assessments as well as other 
hydrological and environmental models. Obtaining additional groundwater-level 
monitoring data in surficial aquifers would enhance the horizontal and vertical 
resolutions of interpolation techniques, as interpolation accuracy improves with added 
measurements.  
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Appendix: Supplementary Tables Figures, and Alternative Methods Explored 
 

Appendix A: Supplementary tables 
 

Table 1: Example preparation of time-series of daily groundwater amplitudes at USGS groundwater 
well 

Date Daily 

Max 

(ft) 

Long-Term 

Average 

(ft) 

Daily 

Amplitude 

(ft) 

7/18/2015 1.00 1.21 0.21 

7/19/2015 1.02 1.21 0.19 

7/20/2015 1.04 1.21 0.17 

7/21/2015 1.07 1.21 0.14 

7/22/2015 1.10 1.21 0.11 

7/23/2015 1.13 1.21 0.08 

7/24/2015 1.12 1.21 0.09 

7/25/2015 1.16 1.21 0.05 

7/26/2015 1.19 1.21 0.02 

7/27/2015 1.22 1.21 0.01 

7/28/2015 1.25 1.21 0.04 

7/29/2015 1.28 1.21 0.07 

7/30/2015 1.32 1.21 0.11 

7/31/2015 1.34 1.21 0.13 

8/1/2015 1.38 1.21 0.17 

8/2/2015 1.43 1.21 0.22 
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Table 2: Tidal range in Hampton Roads. Information obtained from NOAA’s Tides and Currents 
website. 

Station Name Station ID Latitude Longitude 

 
MSL 
(ft) 

 
MHHW 
(ft) 

Mean 
Range 
(ft) 

Diurnal 
Range (ft) 

Ruddee Inlet 8639107 36° 49.9' N 75° 58.4' W 4.33 6.24 3.29 3.71 

Chesapeake Bay 
Bridge Tunnel 8638863 36° 58' N 76° 6.8' W 

26.69 28.18 
2.55 2.9 

Sewells Point 8638610 36° 56.8' N 76° 19.8' W 5.74 7.14 2.43 2.76 

Lafayette River 8638671 36° 53.1' N 76° 16.6' W 28.52 6.24 2.67 3.01 

Portsmouth Norfolk 
Naval Shipyard 8638660 36° 49.3' N 76° 17.6' W 

7.89 6.24 
2.76 3.1 

Money Point 8639348 36° 46.7' N 76° 18.1' W 23.18 24.82 2.86 3.2 

Western Branch 8638339 36° 49.4' N 76° 23.9' W 28.78 30.36 2.77 3.12 

Yorktown USCG 
Training Center 8637689 37° 13.6' N 76° 28.7' W 

6.44 7.78 
2.26 2.58 

Gloucester Point 8637624 37° 14.8' N 76° 30' W 2.93 4.33 2.38 2.69 

Fort Eustis (Marad), 
James River 8638017 37° 8.3' N 76° 37.3' W 

26.65 27.90 
2.19 2.52 

Kingsmille 8638424 37° 13.2' N 76° 39.8' W 9.93 11.27 2.26 2.63 

Jamestown 8637712 37° 13' N 76° 47' W 21.20 22.27 1.81 2.15 

AVERAGE   2.52 2.86 
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Appendix B: Links to Metadata 

 

NOAA Interpolated Tidal Surface Layer: 
 ftp://ftp.coast.noaa.gov/temp/hazards/NOAA_OCM_MHHWInterpolatedSurface.zip 

 This ftp link contains a geodatabase (.gdb) of the data and documentation. The database is 

for the entire country and territories. "InterpolatedTidalSurfaces_Documentation.doc" contains 

all the background and processing info. Horizontally the data are in UTM and vertically in 

NAVD meters. 

Appendix C: Scripts 
 

MATLAB SPECTRAL ANALYSIS SCRIPT 

% Performs Fourier analysis. 

% Tested on USGS daily GW data, daily tidal data, and hourly tidal data 
 

clear all 
close all 
 

load('A_timeseries.csv')  %  
 

figure 
data2(1,:)=A_timeseries(:,2);   
data2(2,:)=A_timeseries(:,1);  % Days 
 

xm=1:length(data2);  

  
plot(data2(2,:),data2(1,:)) 

  
xlabel('# Days (2006 - 2014)') 
ylabel('Difference between daily max water level and long-term water level 

(feet)') 

   
n=length(data2); 

  
nperiods=8;  % number of subperiods for analysis 

  
nanalysis=floor(n/nperiods);   % divide the period into nperiods subperiods 

to improve estimate of power spectra 

  
x=1:nanalysis; 

  
spctrm=zeros(1,floor(nanalysis/2)+1); 

  
% Fourier Analysis of data over nperiods windows of nanalysis data 

  
for i=1:nanalysis/2 
period(i)=nanalysis/i; 
freq(i)=i/nanalysis; 
end 

  
figure 

ftp://ftp.coast.noaa.gov/temp/hazards/NOAA_OCM_MHHWInterpolatedSurface.zip
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for k=1:nperiods 

     
data=data2(1,(k-1)*nanalysis+1:k*nanalysis);  % store current analysis window 

in data 

  
%p = polyfit(x,data(1,:),1);  % detrending 

  
%y = data(1,:) - polyval(p,x); 
y = data(1,:); 

  
hatdata=fft(y);  % Compute Fourier Transform of Detrended DAta 
P2 = abs(hatdata/nanalysis); 
P1 = P2(1:nanalysis/2 + 1); 
P1(2:end-1) = 2*P1(2:end-1) 

  
%loglog(period(1:floor(nanalysis/2)),abs(hatdata(2:floor(nanalysis/2)+1)).^2,

'.') 
loglog(period(1:floor(nanalysis/2)),abs(P1(2:floor(nanalysis/2)+1)),'.k') 

  
hold on 

  
%P1 = spctrm(1:(nanalysis/2)+1); 
%P1(2:end-1) = 2*P1(2:end-1) 

  
spctrm=spctrm+P1;  % Add Power spectrum for current window to average 

spectrum 

  
end 

  
figure 

  
spctrm=spctrm/nperiods; % compute mean of spectra, spectrum contains the 

average spectrum from all 10 years 

  
loglog(period(1:floor(nanalysis/2)),spctrm(2:floor(nanalysis/2)+1),'k') 

 

 

PYTHON GROUNDWATER DATA EXTRACTION AND ANALYSIS SCRIPT 

 
#USGS GROUNDWATER DATA EXTRACTION AND ANALYSIS 

 

#DESCRIPTION: EXTRACTS USGS WELL SITES FOR A SUPPLIED STATE 

#             USING HTTP WEB SERVICES CALLING THE 'DAILY GROUNDWATER' REAL-

TIME 

#             DATA SERVER. A FEATURE CLASS OF THE SITE POINTS 

#             IS RETURNED. 

# 

#             USES STATISTICS ANALYSIS AND PIVOT TABLE MANAGEMENT TO 

CALCULATE THE MAXIMUM OF HTE MONTHLY MEANS FOR EACH GW OBSERVATION WELL 

# 

#             INTERPOLATES THE MAX OF MONTHLY MEANS GROUNDWATER LEVEL AT EACH 

OBSERVATION WELL TO CREATE A CONTINUOUS GROUNDWATER SURFACE 
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# IMPORT THE REQUIRED MODULES 

IMPORT SYS, OS, URLLIB, ARCPY, CSV 

 

 

# GET THE INPUT STATE OUTPUT FC NAME FROM THE USER 

STATE = ARCPY.GETPARAMETERASTEXT(0) 

 

#GET RELATIVE PATHS 

SCRIPTPATH = SYS.ARGV[0]                # THE SCRIPT FILENAME IS ALWAYS THE 

FIRST ITEM IN SYS.ARGV 

SCRIPTWS = OS.PATH.DIRNAME(SCRIPTPATH) # WE GET THE SCRIPT FOLDER USING THE 

OS.PATH.DIRNAME FUNCTION 

ROOTWS = OS.PATH.DIRNAME(SYS.PATH[0])   # GO UP ONE FOLDER FROM THERE AND WE 

HAVE THE PROJECT ROOT FOLDER... 

DATAWS = OS.PATH.JOIN(ROOTWS,"DATA")    # FROM THE ROOT FOLDER WE CAN NOW GET 

THE DATA FOLDER... 

DATABASEWS = OS.PATH.JOIN(ROOTWS,"GW_WELL_DATABASE")    # FROM THE ROOT 

FOLDER WE CAN NOW GET THE GW DATABASE FOLDER... 

TEMPWS = OS.PATH.JOIN(ROOTWS,"SCRATCH") # ...AND THE SCRATCH FOLDER 

 

#SET ENV VARIABLES 

ARCPY.ENV.WORKSPACE = DATAWS 

ARCPY.ENV.SCRATCHWORKSPACE = TEMPWS 

 

# ENABLE OVERWRITES 

ARCPY.ENV.OVERWRITEOUTPUT = TRUE 

 

# SPLIT THE CSV INTO PATH AND NAME 

OUTCSV = OS.PATH.JOIN(DATAWS,STATE+"GWDATA.CSV") 

 

## STEP 1: CONSTRUCT THE URL TO RETRIEVE ALL OF THE GROUNDWATER WELLS IN THE 

SPECIFIED STATE WITH REAL-TIME DAILY GROUNDWATER LEVELS (MAX AND MIN) 

URL = R'HTTP://WATERDATA.USGS.GOV/NWIS/DV/?' + \ 

      'REFERRED_MODULE=GW'+'&'+\ 

      'STATE_CD='+STATE+'&'+\ 

      'SITE_TP_CD=GW'+'&'+\ 

      'SITE_TP_CD=GW-CR'+'&'+\ 

      'SITE_TP_CD=GW-EX'+'&'+\ 

      'SITE_TP_CD=GW-HZ'+'&'+\ 

      'SITE_TP_CD=GW-IW'+'&'+\ 

      'SITE_TP_CD=GW-MW'+'&'+\ 

      'SITE_TP_CD=GW-TH'+'&'+\ 

      'INDEX_PMCODE_72019=1'+'&'+\ 

      'GROUP_KEY=NONE'+'&'+\ 

      'SITEFILE_OUTPUT_FORMAT=HTML_TABLE'+'&'+ \ 

      '&COLUMN_NAME = AGENCY_CD'+'&'+ \ 

      '&COLUMN_NAME=SITE_NO'+'&'+\ 

      'COLUMN_NAME=STATION_NM'+'&'+\ 

      'RANGE_SELECTION=DAYS&PERIOD=3650'+'&'+\ 

      'FORMAT=RDB'+'&'+\ 

      'DATE_FORMAT=MM/DD/YYYY'+'&'+\ 

      'RDB_COMPRESSION=VALUE'+'&'+\ 

      

'LIST_OF_SEARCH_CRITERIA=STATE_CD%2CSITE_TP_CD%2CREALTIME_PARAMETER_SELECTION

'     

 

#PULL THE CONTENCTS OF THE URL INTO THE DATA VARIABLE 
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GW_DATA = URLLIB.URLOPEN(URL) 

 

#LET'S US KNOW THE DATA IS BEING RETREIVED 

PRINT "SENDING REQUEST: %S" %URL  

 

## STEP 2: CREATES CSV FILE AND WRITE HEADERS 

PRINT "WRITING RESULTS" 

INPUTFILEOBJ = OPEN(OUTCSV, 'W') 

INPUTFILEOBJ.WRITE('JOIN_ID, MONTH, DAY, YEAR, MAX WATER LEVEL\N') 

#CONVERT THE DATA PAGE INTO A LINE LIST 

LINES = GW_DATA.READLINES() 

FOR LINE IN LINES: 

    IF LINE.STARTSWITH('#'): 

        CONTINUE  

    IF LINE.STARTSWITH('5S'): 

        CONTINUE 

    IF LINE.STARTSWITH('AGENCY_CD'): 

        CONTINUE 

    LINEDATA = LINE.SPLIT("\T") 

    #PUT THE LIST OBJECTS INTO RECOGNIZEABLE VARIABLES 

    SITENUM = LINEDATA[1] 

    DATE = LINEDATA[2].REPLACE("/",",") 

    DAILY_MAX = LINEDATA[3] 

    IF NOT DAILY_MAX.REPLACE(".","").ISDIGIT(): 

        CONTINUE 

    OUTSTRING = REPR(SITENUM) + "," + DATE + "," + DAILY_MAX + "\N" 

    ##PRINT OUTSTRING 

    INPUTFILEOBJ.WRITE(OUTSTRING) 

 

INPUTFILEOBJ.CLOSE() 

 

PRINT "SCRIPT HAS FINISHED! YOU NOW HAVE A CSV FILE WITH ALL OF THE DAILY GW 

LEVELS (MAX AND MIN WATER LEVELS) FOR THE STATE THAT YOU SPECIFIED." 

 

## STEP 3: GW_SITES 

 

#SET ENV VARIABLES 

ARCPY.ENV.WORKSPACE = DATAWS 

 

# ENABLE OVERWRITES 

ARCPY.ENV.OVERWRITEOUTPUT = TRUE 

 

OUT_FC = OS.PATH.JOIN(DATAWS,STATE+"GW_WELLS.SHP") 

 

#SPLIT THE FC INTO PATH AND NAME 

OUTWS = OS.PATH.SPLIT(OUT_FC)[0] 

OUTFC = OS.PATH.SPLIT(OUT_FC)[1] 

 

#OPEN THE CSV FILE WITH THE GW SITES 

GW_CSV = OS.PATH.JOIN(DATABASEWS,STATE+"WELLS.CSV")   

DATA = OPEN(GW_CSV, 'R') 

 

PRINT "RETREIVING DATA FROM CSV FILE" 

 

#CREATE THE OUTPUT FEATURE CLASS & ADD FIELDS 

ARCPY.CREATEFEATURECLASS_MANAGEMENT(OUTWS, OUTFC,"POINT") 

ARCPY.ADDFIELD_MANAGEMENT(OUTFC,"SITE_NO","TEXT",20) 
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ARCPY.ADDFIELD_MANAGEMENT(OUTFC, "LAT", "TEXT", 10) 

ARCPY.ADDFIELD_MANAGEMENT(OUTFC, "LON", "TEXT", 10) 

 

#DEFINE ITS PROJECTION 

COORDSYS = ARCPY.SPATIALREFERENCE("NAD 1983") 

ARCPY.DEFINEPROJECTION_MANAGEMENT(OUTFC, COORDSYS) 

 

# CREATE AN INSERT CURSOR TO ADD RECORDS 

RECS = ARCPY.INSERTCURSOR(OUTFC) 

 

# CREATE AN ID ITERATOR 

ID = 0 

# LOOP THROUGH EACH DATA LINE 

FOR LINE IN DATA.READLINES(): 

    #EXTRACT ATTRIBUTES FROM THE DATUM HEADER LINE 

    LINEDATA = LINE.SPLIT(",") 

    #CREATE A NEW FEATURE RECORD 

    REC = RECS.NEWROW() 

    #CREATE A NEW POINT OBJECT FOR THE GAGE SITE 

    PT =ARCPY.CREATEOBJECT("POINT") 

    #ADD THE POINT'S SITE_NO# AND X,Y COORDINATES 

    PT.Y =LINEDATA[1] 

    PT.X = LINEDATA[2] 

    #SET THE FEATURE'S SHAPE AS THE POINT WE JUST MADE 

    REC.SHAPE = PT 

    #ADD THE ATTRIBUTES TO THE FEATURE TABLE 

    REC.SITE_NO = LINEDATA[0] 

    REC.LAT = LINEDATA[1] 

    REC.LON = LINEDATA[2] 

    #REC.ALTITUDE = LINEDATA[-1:].STRIP("\N") 

    #FINALLY, ADD THE NEW RECORD TO THE FEATURE CLASS 

    RECS.INSERTROW(REC) 

 

# REMOVE THE CURSOR OBJECTS     

DEL REC, RECS 

 

# CONVERT SHAPEFILE FEATURE CLASS TO FEATURE LAYER  

OUT_FEATURELAYER = OS.PATH.JOIN(DATAWS,STATE+"GW_WELLSLYR") 

ARCPY.MAKEFEATURELAYER_MANAGEMENT(OUT_FC, OUT_FEATURELAYER) 

 

# TELL THE USER, WE'RE FINISHED 

ARCPY.ADDMESSAGE("GAGE SITE FEATURE CLASS COMPLETED") 

 

## STEP 4: PIVOT TABLE CREATION 

# RE-ENABLE OVERWRITES 

ARCPY.ENV.OVERWRITEOUTPUT = TRUE 

 

#SET VARIABLE FOR THE CSV FILE THAT CONTAINS THE DAILY GROUNDWATER LEVELS 

(CREATED IN TEH FIRST PART OF THE SCRIPT) 

 

CSV_TABLE = OS.PATH.JOIN(DATAWS,STATE+"GWDATA.CSV") 

DBF_TABLE = "GWDATA.DBF" 

SUM_TABLE = OS.PATH.JOIN(DATAWS,STATE+"GWSUM.DBF") 

PIV_TABLE = OS.PATH.JOIN(DATAWS,STATE+"GWPIV.DBF") 

 

#CONVERT CSV FILE WITH GROUNDWATER LEVELS TO DBF TABLE 

ARCPY.TABLETOTABLE_CONVERSION(CSV_TABLE, DATAWS, DBF_TABLE) 



Coastal Water Table Mapping: Incorporating Groundwater Data into Flood Inundation Forecasts 

56 | P a g e  
 

 

#SUMMARY STATISTICS - TAKES MONTHLY AVERAGES 

ARCPY.STATISTICS_ANALYSIS(DBF_TABLE,SUM_TABLE, "MAX_WATER 

MEAN","MONTH;JOIN_ID") 

  

#PIVOT TABLE MANAGEMENT - AGGREGATES MONTHLY AVERAGES SO EACH GW SITE HAS ONE 

AVERAGE MAXIMUM WATER LEVEL FOR EVERY MONTH 

ARCPY.PIVOTTABLE_MANAGEMENT(SUM_TABLE, "JOIN_ID","MONTH","MEAN_MAX_W", 

PIV_TABLE) 

 

ARCPY.ADDFIELD_MANAGEMENT(PIV_TABLE,"MAX_WT", "FLOAT",5) 

 

ARCPY.CALCULATEFIELD_MANAGEMENT(PIV_TABLE, "MAX_WT", EXPRESSION="MAX([ 

!MONTH1!, !MONTH10!, !MONTH11!, !MONTH12!])", EXPRESSION_TYPE="PYTHON_9.3", 

CODE_BLOCK="") 

 

## STEP 5: JOIN THE LAT LONG DBF TABLE WITH THE MONTHLY-AVERAGED GROUNDWATER 

LEVELS PIVOT DBF TABLE  

 

TRY: 

    ARCPY.ENV.QUALIFIEDFIELDNAMES = FALSE  

    ARCPY.ADDJOIN_MANAGEMENT(OUT_FEATURELAYER, "SITE_NO", PIV_TABLE, 

"JOIN_ID", "KEEP_COMMON") 

    GROUNDWATER = OS.PATH.JOIN(DATAWS,STATE+"GROUNDWATER") 

    ARCPY.COPYFEATURES_MANAGEMENT(OUT_FEATURELAYER, GROUNDWATER) 

 

EXCEPT EXCEPTION, E: 

    # IF AN ERROR OCCURRED, PRINT LINE NUMBER AND ERROR MESSAGE 

    IMPORT TRACEBACK, SYS 

    TB = SYS.EXC_INFO()[2] 

    PRINT "LINE %I" % TB.TB_LINENO 

    PRINT E.MESSAGE 

 

## STEP 6: INTERPOLATES THE MAXIMUM GW LEVEL USING EACH GW WELL POINT 

 

FROM ARCPY IMPORT ENV 

FROM ARCPY.SA IMPORT* 

 

# CHECK OUT THE ARCGIS SPATIAL ANALYST EXTENSION LICENSE 

ARCPY.CHECKOUTEXTENSION("SPATIAL") 

 

INPUTPOINTS = OS.PATH.JOIN(DATAWS,STATE+"GROUNDWATER.SHP") 

OUTFILE = (OS.PATH.JOIN(DATAWS,STATE+"GW_SURFACE.TIF")) 

# EXECUTE IDW 

OUTIDW = IDW(INPUTPOINTS, "MAX_WT", "0.01097578888", "", "VARIABLE 12", 

"SHORELINE.SHP") 

OUTIDW.SAVE(OUTFILE) 

 

PRINT "GO TO DATA FOLDER TO ADD .TIFF FILE TO DISPLAY." 
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Appendix D: Alternative Analysis: Relative Altitude Method 
 

 

This method was not used for creation of the water-table surface; however, it is 

explained in this apendix since this method was explored as a potential method but 

deemed unstuitable given the avaiable data and study area.  

The USGS (Martin and Andres 2008) and the Delaware Geological Survey (Walker et. 

al 2011) implemented an approach, called the “Relative Altitude” method, to support 

mapping water tables at higher accuracies using 1) measured water-table depths 

(produced in Section 3.3.1), 2) LiDAR land-surface elevation data, and 3) surface water 

boundaries. These datasets can be synthesized to develop a linear regression (LR) 

equation that statistically relates measured water-table depths to values of relative 

altitude at the well (land-surface elevation relative to that of the local receiving-water 

body). An initial water table (INITWT) was computed by interpolating elevations of 

surface-water features extracted from the LiDAR-derived DEM. The variable used in the 

LR is depth to the INITWT, computed by subtracting the INITWT from the LiDAR-

derived DEM. This LR equation was then used to estimate a continuous water-table 

surface in ArcGIS.  

Developing a LR equation using the GW dataset for the Hampton Roads region 

resulted in a general overestimation of local DTW, which can be attributed to two reasons. 

First, this method is designed for analysis of very shallow DTW observations. When deep 

DTW observations were removed from the dataset, the LR R2 value was significantly 

lowered. The second reason is that the regression equation reflects conditions associated 

with local hydrogeology. Over large areas, the relation between relative land-surface 

altitude and observed water-table depth below land surface might differ. Dividing the 

study area into smaller sections, such as watersheds, and developing different regression 

factors for each section would improve the predictive accuracy of this method. However, 

the USGS GW network is too sparse in some watersheds and insufficient coverage would 

not allow for development of a legitimate regression factor for each section. For these 

reasons, the interpolation method was implemented (refer to Section 3.3.2). 

Detailed Relative Altitude Methods: 
 

2) Obtain 10 years of daily GW data for Virginia 

3) Select only wells that are contained within extent of LiDAR-derived DEM 

4) Calculate long-term average depth to water table at each GW observation well 

5) Obtain Elevation of Each GW Observation Well 

1. Select all wells that lie within the extent of the LiDAR-derived DEM 
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2. Use the Extract Values to Points tool in ArcGIS to derive the LiDAR elevation 

value for each GW observation well. The elevation value for each GW 

observation well is appended to the attribute table as “RASTERVALU”.  

6) Compute the Initial Water Table (INITWT) using the Kriging tool to interpolate 

the extracted surface-water feature elevations. 

7) Compute the Relative Land-Surface Altitude by using Raster Calculator to 

subtract the INITWT from the LiDAR 

8) Use the Extract Values to Points tool in ArcGIS to derive the Relative Land-

Surface Altitude for each GW observation well. The elevation value for each GW 

observation well is appended to the attribute table as “RASTERVALU”. 

9) Export the resulting attribute table to Excel and plot the relationship between 

Relative Land-Surface Altitude and DTW at GW observation wells. 

10) Apply a linear regression trend line in Excel. 

 

 
 

11) Apply the linear regression equation using Raster Calculator and the following 
parameters: 

DTW = B0 + B1 * (LiDAR DEM – INITWT) 

Where 

 DTW = water-table depth, in feet below land surface; 

 B0 = regress line intercept, in feet 

 B1 = regression line slope, in feet; and 

 (LiDAR DEM - INITWT) = relative land-surface altitude (i.e. LiDAR DEM  

 

y = 1.9946x + 4.8672
R² = 0.5444
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Appendix E: NOAA Detailed Methodology for Mapping Sea Level Rise Inundation and 

Hydrological Connectivity 
 

Adapted from: https://www.coast.noaa.gov/slr/assets/pdfs/Inundation_Methods.pdf to 
make compatible with ArcGIS 10.3.1 and LiDAR DEM data. 

 

This process is intended for ArcGIS 10.3.1 and requires the Spatial Analyst extension. 
 
Inputs 

 LiDAR-derived DEM 

 Tidal surface in NAV88 values 

 Sea level rise increments (projections) 
 
Process 

1) Add desired SLR amount to tidal surface grid. 
Spatial Analyst > Math > Plus 

 Input raster or constant value 1 = tidal surface 

 Input raster or constant value 2 = SLR amount 

 Output raster = surface_x (where “x” is the SLR amount) 
2) Subtract LiDAR DEM values from water surface to derive initial inundation depth 

grid. 
Spatial Analyst > Raster Calculator  

 Map Algebra expression: con (LiDAR DEM <= surface_x, surface_x – LiDAR 
DEM) 

 Set Environmental Variables > Raster Analysis > Cell Size to match the cell 
size of the LiDAR DEM. 

 Output raster = depth_x 
3) In preparation for evaluating connectivity, create single value LiDAR DEM to show 

inundation extent. 
Spatial Analyst > Raster Calculator 

 Map Algebra expression: con (LiDAR DEM <= surface_x , 1) 

 Set Environmental Variables > Raster Analysis > Cell Size to match the cell 
size of the LiDAR DEM. 

 Output raster = single_x 
4) Evaluate connectivity of extent raster. 

Spatial Analyst > Extraction > Extract by Attributes 

 Input raster = clumped_x 

 Where clause: “Count” = maximum value1 

 Output raster = connect_x 
5) Create depth grid for connected areas. 

Spatial Analyst > Extraction > Extract by Mask 

 Input raster = depth_x 

 Input raster or feature mask data = connect_x 

 Output raster = con_depth_x 
6) Visualize only impact on land2 

6a) Spatial Analyst > Reclass > Reclassify 

https://www.coast.noaa.gov/slr/assets/pdfs/Inundation_Methods.pdf
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 Input raster = connect_0 

 Reclass field = Value 

 Value becomes NoData 

 NoData becomes 1 

 Output raster = mask 
6b) Spatial Analyst > Extraction > Extract by Mask 

 Input Raster = con_depth_x 

 Input raster or feature mas data = mask 

 Output raster = extract_x 

 
Notes: 
 

1  Maximum Value is obtained by clicking Get Unique Values within the SQL Query Builder; 
this value represents connected inundation from the open ocean.  
 
2 This process must first be executed using data reflecting “current” conditions (i.e. SLR = 0); 
the mask based upon the “0 SLR” is then used to obtain raster reflecting different levels of 
SLR. 

 
 
 

 

  

 

 

   

 
 


