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Abstract 

 

 

Low-lying coastal areas face increasing risks from elevated groundwater levels and surface 

flooding due to sea-level rise (SLR), extreme precipitation, and storm surges. The objective of this 

research is to develop and apply a transferable framework to assess the vulnerability of coastal 

road infrastructure to shallow groundwater tables and flooding, using Alabama State Route 180 

(AL-180) as a case study. The methodology integrates a data-driven empirical model and a 

physics-based distributed hydrologic model to evaluate sub-daily interactions between 

precipitation, tidal fluctuations, and groundwater dynamics. The empirical model estimates 

groundwater level (GWL) time series using simplified inputs such as rainfall, tidal elevation, 

surface elevation, and distance from tidal bodies. It was validated with field data from monitoring 

wells along AL-180. Performance metrics include Nash–Sutcliffe Efficiency (NSE) values of up 

to 0.73 and root mean squared errors (RMSE) as low as 0.06 m. This model was implemented 

along longer segments of the road using a Geographic Information System (GIS) platform at 100-

meter intervals and used in conjunction with spatiotemporal analysis tools to detect long-term 

trends and identify vulnerable segments. Additionally, the Gridded Surface Subsurface Hydrologic 

Analysis (GSSHA) model was calibrated and validated in a coastal setting to simulate surface and 

groundwater processes during moderate and extreme events. Results show that combined surface-

subsurface interactions have a significant impact on flood extent and pavement saturation, 

particularly during extreme rainfall events. Together, the modeling approaches identified road 

segments with high saturation persistence, informing locations for infrastructure maintenance and 

adaptation. This framework supports transportation agencies in developing resilient road systems 

and can be applied to other coastal corridors with minimal data requirements. 
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Chapter 1. Introduction 

Climate change is intensifying the impacts of both extreme events and gradual processes 

on coastal infrastructure. Projections indicate that sea levels may rise between 0.23 and 0.53 meters 

by 2050, while extreme precipitation events are expected to become more frequent and intense 

(Easterling et al., 2017; Garner et al., 2021; Sweet et al., 2022). In low-lying coastal regions, these 

factors can combine to create chronic saturation conditions, reduce drainage effectiveness, and 

increase the exposure of transportation infrastructure to prolonged hydrologic stress (Cox et al. 

2019; Peña et al. 2023). 

One of the critical challenges in coastal engineering is quantifying the vulnerability of 

pavements to shallow groundwater levels (GWL) and repeated saturation. Prolonged subgrade 

moisture can accelerate structural degradation, leading to deformation, rutting, and premature 

pavement failure (Titus-Glover et al., 2019; Chen & Wang, 2023a). These impacts are often 

persistent, as the recovery of the mechanical capacity of pavement layers may take weeks or even 

months after groundwater levels subside. 

Addressing this challenge requires an integrated understanding of the interaction between 

rainfall, tides, and shallow groundwater dynamics. However, many hydrologic modeling tools 

commonly applied to inland settings are not well adapted to the complexity of coastal systems, 

particularly in regions with minimal channelized flow and dominant subsurface–surface 

interactions. In this context, distributed models and data-driven approaches provide pathways for 

representing the spatial variability and temporal dynamics of groundwater levels. 

This dissertation proposes two modeling frameworks to assess saturation risk along 

Alabama State Route 180 (AL-180), an evacuation corridor in Fort Morgan Peninsula in Alabama. 

The first component develops and implements a data-driven empirical model to predict sub-daily 

groundwater level fluctuations based on site-specific conditions. The second component utilizes a 

physics-based, distributed hydrologic model to simulate surface and subsurface processes at high 

spatial and temporal resolutions. Together, these models aim to identify road segments most 

vulnerable to groundwater-related impacts and to inform maintenance and adaptation strategies 

for coastal transportation infrastructure. The research is organized into chapters that correspond to 

each phase of the methodology, including model development, validation, spatial application, and 

scenario-based analysis. By combining physical and empirical modeling approaches, this work 
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helps close methodological gaps in coastal hydrology and supports decision-making for resilient 

infrastructure planning. 

 

1.1. Contextualization 

Coastal regions present unique challenges for hydrologic and groundwater modeling due 

to the interaction between rainfall, tides, and shallow groundwater in low-gradient, high-water-

table, and high hydraulic conductivity environments (Rotzoll & Fletcher, 2013; Werner et al., 

2013). Figure 1 illustrates how sea level can influence groundwater tables in coastal areas. 

Additionally, high uncertainty in subsurface properties, dynamic boundary conditions, and limited 

monitoring infrastructure hinder the reliable application of conventional models in these areas. 

These limitations have resulted in several knowledge gaps, including the difficulty of representing 

surface runoff, flooding, and groundwater dynamics in coastal areas using hydrological models, 

and the need to predict infrastructure vulnerability using easily measurable site characteristics. 

 

 

Figure 1 – Schematics of the water table rise caused by a higher sea level (Rotzoll & Fletcher, 2013). 
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1.1.1. Groundwater Dynamics in Coastal Environments 

In coastal regions with shallow water tables, groundwater levels (GWL) respond rapidly to 

meteorological and oceanographic drivers such as precipitation, tidal fluctuations, and sea level 

rise (de Oliveira Sousa et al. 2023). These responses are particularly significant in low-relief 

landscapes with sandy soils and high hydraulic conductivity, where vertical exchanges dominate 

and subsurface water can persist near the surface for extended periods (Ferguson & Gleeson, 2012; 

Rotzoll & Fletcher, 2012). Elevated GWL reduces infiltration capacity and increases surface 

saturation, undermining the structural performance of pavements by decreasing their load-bearing 

capacity (Cox et al., 2019; Peña et al., 2023). This persistent subgrade moisture is difficult to 

mitigate and can lead to fatigue cracking, rutting, and surface failures (Titus-Glover et al., 2019; 

Chen & Wang, 2023b). Furthermore, recovery after flooding is delayed because the subgrade 

remains weakened even after visible water recedes (King & Taylor, 2023). 

 

1.1.2. Data-Driven Models for Groundwater Prediction 

Data-driven models have gained traction for their ability to derive empirical relationships 

from observed hydrometeorological data. These models, ranging from multiple linear regression 

to machine learning methods such as neural networks and decision trees, are particularly useful in 

systems where data availability is high but computational or calibration constraints limit the use 

of physics-based models (Solomatine & Ostfeld, 2008; Sun et al., 2022; Haaf et al., 2023). 

In coastal settings, data-driven models can be used to estimate GWL responses to tidal 

fluctuations and rainfall, particularly when soil and hydrologic conditions are relatively 

homogeneous and dominated by vertical fluxes (Ali et al., 2024; Xie & Zhang, 2024). However, 

many of these applications focus on monthly or daily time steps and broad spatial scales, limiting 

their utility for infrastructure-specific applications that require sub-daily resolution and localized 

predictions. Furthermore, the predictive reliability of such models depends heavily on the 

representativeness of training data, making careful site-specific calibration essential. These models 

can help overcome the limitations of traditional inland models by capturing unique coastal 

dynamics such as rapid tidal responses and shallow aquifer behavior. 
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1.1.3. Distributed Hydrologic Modeling and GSSHA 

To quantify the interactions between surface water and groundwater, hydrologic models 

must resolve spatial heterogeneity and simulate coupled surface–subsurface flow. Lumped and 

semi-distributed models, while widely used in inland catchments, average soil and land cover 

properties, and often neglect lateral and vertical flow interactions (Scharffenberg, 2016; Rossman, 

2015). These limitations are particularly critical in coastal environments, where groundwater levels 

fluctuate on fine temporal scales and topographic gradients are minimal (Panday & Huyakorn, 

2004). 

The Gridded Surface Subsurface Hydrologic Analysis (GSSHA) model addresses many of 

these limitations. Developed by the U.S. Army Corps of Engineers, GSSHA is a physically based, 

fully distributed model capable of simulating 2D overland flow, 1D channel routing, vertical 

infiltration, shallow groundwater flow, evapotranspiration, and surface retention (Downer & 

Ogden, 2004). Its use of a gridded computational domain (Figure 2) enables high-resolution spatial 

representation of variability, making it suitable for local-scale coastal systems where water 

movement is highly localized. 

 

Figure 2 – Schematics of a gridded computational domain (Khurshid et al., 2025). 
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Although GSSHA has been applied in urban stormwater planning (Downer et al., 2011), 

watershed-scale flood prediction (Serrano et al., 2021), and even urban coastal contexts (Yang et 

al., 2022), its performance in low-urbanization coastal corridors remains underexplored. 

Understanding its behavior under such conditions is crucial to determining whether traditional 

hydrologic tools can adequately represent hydrologic processes that impact pavement 

infrastructure. 

 

1.1.4. Traditional Groundwater Modeling 

Groundwater models such as MODFLOW and its variants remain the most widely used 

numerical tools to simulate saturated flow in aquifers (Langevin et al., 2017; Navarro-Farfán et 

al., 2024). These models are based on the finite-difference solution of the groundwater flow 

equation and rely on well-defined boundary and initial conditions. Despite their robustness, 

traditional models are limited in coastal areas by: (1) their coarse temporal resolution (daily or 

monthly); (2) difficulties in representing transient tidal influences; and (3) data requirements that 

are rarely met in low-infrastructure regions (Bosserelle et al., 2023; Shaikh & Eldho, 2021). For 

this reason, data-driven and hybrid methods are increasingly an option for rapid assessment and 

vulnerability analysis of infrastructure in shallow aquifer settings. 

 

1.1.5. Integrated Modeling for Infrastructure Risk Assessment 

While physics-based models, such as GSSHA, capture spatially explicit interactions and 

hydrologic processes, empirical models offer computational efficiency and practical deployment 

for rapid scenario testing and decision support. This dissertation applies both modeling approaches 

to investigate the hydrologic behavior of Alabama State Route 180 (AL-180), a coastal corridor 

subject to shallow groundwater conditions. The empirical model is developed to predict GWL 

responses at segments of AL-180 that are located within 200 m of Mobile Bay. In contrast, the 

GSSHA model is applied in a selected catchment to evaluate high-resolution surface and 

subsurface conditions. 

Based on this discussion, the main knowledge gaps that this dissertation aims to address 

are: 
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• The lack of sub-daily groundwater level prediction tools incorporating both tidal and 

rainfall drivers. 

• The absence of transferable empirical models applicable across coastal linear 

infrastructure networks. 

• The need to create frameworks to use hydrologic models in non-traditional low-lying 

coastal areas for infrastructure vulnerability mapping. 

 

1.2. Objectives 

 

1.2.1. General 

This research aims to assess the vulnerability of coastal transportation infrastructure to 

shallow groundwater levels, with particular focus on sub-daily saturation dynamics driven by 

rainfall and tidal fluctuations. It integrates a physics-based distributed hydrologic model and a 

data-driven groundwater prediction framework to develop methodologies for evaluating pavement 

saturation risks along Alabama State Route 180 (AL-180). The broad objective is to inform 

technical and political strategies to improve the long-term resilience of coastal infrastructure to 

withstand increasing hydrologic stressors, including sea level rise (SLR), extreme rainfall, and 

elevated groundwater tables. 

 

1.2.2. Specific 

• Investigate if we can predict groundwater level variation based on measurable site 

characteristics. 

o Formulate a simplified empirical model using key predictors such as distance to 

tidal or large water bodies (Mobile Bay and Little Lagoon), surface elevation, tidal 

variation, and precipitation time series. 

o Verify if the framework is accurate compared to sub-daily GWL data collected 

along AL-180 under varying meteorological and tidal conditions. 
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o Extend the empirical framework to other segments of AL-180 using a Geographic 

Information System (GIS)-based implementation at 100-meter intervals. 

o Evaluate if the pavement will be vulnerable to chronic high water tables. 

• Evaluate whether a physically based distributed hydrologic model (GSSHA) can represent 

surface runoff, flooding, and groundwater dynamics in a non-traditional coastal setting 

when it was designed for use in traditional watersheds. 

o Identify which parameters are most important for model calibration in comparison 

with groundwater level observations. 

o Apply the model to quantify the vulnerability of coastal transportation 

infrastructure due to saturated water tables, including extreme coastal events 
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Chapter 2. Conceptual data-driven approach for analyzing the vulnerability of coastal 

roadways to groundwater level changes 

 

This chapter is a version of an article of the same title by Bruno J. de Oliveira Sousa; Bret 

M. Webb; Daniel B. Wright; T. Prabhakar Clement; Jose G. Vasconcelos that has been published 

in the Journal of Environmental Management. 

de Oliveira Sousa, B. J., Webb, B. M., Wright, D. B., Clement, T. P., & Vasconcelos, J. G. (2025). 

Conceptual data-driven approach for analyzing the vulnerability of coastal roadways to 

groundwater level changes. Journal of Environmental Management, 390, 1–12. 

https://doi.org/10.1016/j.jenvman.2025.126295 

 

2.1. Introduction 

Moisture infiltrating into an asphalt or concrete layer can damage pavements by increasing 

compressive strain on the subgrade. This can lead to surface depressions and striping that will form 

in localized holes (Chen and Wang 2023a; Titus-Glover et al. 2019). Our field site is the Fort 

Morgan peninsula coastal roadway AL-180 that connects Gulf Shores to Fort Morgan in Baldwin 

County, Alabama. It serves as an important transportation and evacuation route and has been 

impacted by rising water levels. In addition, according to information gathered from local 

communities, there are locations with flooding and standing water along the road during and after 

a rainfall event. These problems may affect evacuation during an extreme event such as a 

hurricane. In addition, despite being sandy and featuring high hydraulic conductivity, the soil along 

the peninsula is saturated for extended periods (Soil Survey Staff 2022).  

Flooding and pavement saturation in AL-180 may be related to increased soil moisture and 

reduced infiltration due to elevated water table levels due to its proximity to Mobile Bay (MB; 

Housego et al. 2021; Rahimi et al. 2020). For example, Das et al. (2021) found that storm surges 

can cause near-instantaneous shallow groundwater level (GWL) responses in coastal areas. 

Precipitation can also cause coastal flooding since it can rapidly increase in the shallow GWL in 

high hydraulic conductivity soils with elevated water tables (Sukop et al. 2018). In addition, low 

hydraulic gradients between the peninsula and the bay can delay GWL recession after rainfall 
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(Xiao et al. 2024). Currently, there is a lack of systematic approaches to evaluate the risks of these 

groundwater-related impacts on roadways.  

Groundwater flow dynamics is traditionally modeled  by applying different types of 

analytical and numerical models (Curtis et al., 2018).  MODFLOW is a good example of a 

numerical model that uses spatial discretization and is mostly used to simulate the impacts of wells, 

rivers, or other hydrologic changes in large aquifers (Langevin et al., 2017). One of its advantages 

is to simulate heterogeneous and anisotropic aquifers under variable recharge and extraction 

conditions in a three-dimensional environment (Navarro-Farfán et al., 2024). Other models, such 

as Gridded Surface Subsurface Hydrological Analysis (GSSHA) and MIKE-SHE (DHI, 2025; 

Downer & Ogden, 2006), present a simplified combination of surface and groundwater 

interactions. They both couple overland, channel, and subsurface flow, and can also perform water 

quality calculations. This allows for calculating interactions, such as channel discharge, generated 

both from excess infiltration and from soil saturation, in addition to lateral groundwater flow 

(Downer & Ogden, 2004; Saha & Quinn, 2020)Therefore, physically based models are still 

essential for groundwater modeling because they can simulate lateral recharge and account for soil 

heterogeneity. However, their data and computational demands often limit their application for 

rapid planning assessment. 

Most studies that include groundwater in coastal areas focus either on surface flooding 

effects or on predicting long-term groundwater level variations and their impacts (Chang et al. 

2016).  Yu et al. (2022)  evaluated the total storage using a detailed coupled surface–subsurface 

hydrological model. In contrast, Hayek (2019) created a simplified approach to solve for 

groundwater table elevation by applying the Boussinesq equation to model water level as a 

function of space and time. This equation calculates water level in unconfined aquifer systems in 

terms of discharge or recharge, depending on initial and boundary conditions, hydraulic 

conductivity, and specific yield (Hayek 2019; Tang et al. 2016). Nonetheless, all these approaches 

require detailed information about the study areas. These include geometry, soil characteristics, 

land cover information, geological units, etc., which are not always available(Bartlett and 

Porporato 2018; Park and Parker 2008; Shaikh and Eldho 2021). Therefore, due to limitations in 

data availability and computational resources, investigations have often employed models that use 

data with relatively coarse time and spatial resolutions to evaluate groundwater dynamics, typically 

neglecting sub-daily interactions (Bosserelle et al. 2023; Hussain et al. 2022). 
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In recent years, data-driven models have been used to study groundwater systems mostly 

at large scales over longer periods of time to investigate the behavior of large-scale aquifers. Most 

of these studies use regression and/or machine learning techniques to predict GWL time series 

based on observed data. Doglioni and Simeone (2017) investigated the effect of monthly 

precipitation on the variation of the groundwater table by applying evolutionary polynomial 

regression.  Haaf et al. (2023) compared various approaches and found that extreme gradient 

boosting has more predictive power than multiple linear regression when considering neighboring 

groundwater well data. Xie and Zhang (2024) developed a method to extract the spatiotemporal 

dependence of variables to improve GWL predictions for a 3D coastal area. Their results are 

satisfactory in predicting GWLs in terms of daily precipitation, but neglect sub-daily groundwater 

variations, which are relevant in many coastal environments. Sun et al. (2022) tested different 

neural network models to predict groundwater depths at monthly and daily scales and found good 

calibration results with Nash-Sutcliff efficiency of up to 0.9. However, their prediction errors were 

in the range of 0.5 to 1.5 meters, which is impractical in highly conductive soil where the water 

table variation has the same magnitude as these errors. Therefore, it is understandable that the 

reliability of data-driven models, both empirical and machine learning, depends on the spatial and 

temporal representativeness of training data (Ali et al., 2024; Khan et al., 2023). Therefore, it 

justifies creating a generalizable model as a means to inform engineering problems. 

 Considering the complexity of groundwater dynamics of each coastal roadway setting 

(e.g., soil conditions, precipitation characteristics, tidal characteristics, sea level rise projections), 

a data-driven approach represents a practical approach to describing subsurface pavement 

saturation in response to precipitation, tides, and sea level rise. Therefore, in this study, we propose 

a straightforward data-driven approach to simulate sub-daily estimates of groundwater response to 

understand the impacts of shallow groundwater level variations on coastal roadways. The proposed 

data-driven model is intended to provide engineering estimates to manage pavement maintenance 

problems in coastal areas. 

The proposed approach introduces key simplifications afforded by the selected study site 

in that there are no assumed lateral groundwater flows, soil characteristics are uniform, and high 

soil hydraulic conductivity. As a result, it is hypothesized that the local GWL variations are 

dependent only on the distance from a large tidal water body (Mobile Bay, in this case), tidal 

levels, rainfall depths, and a simplified representation of groundwater abstractions. The absence 
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of lakes, rivers, and other major water bodies supports the assumption that vertical fluxes 

(infiltration and evapotranspiration) are the primary drivers of short-term groundwater 

fluctuations. The proposed approach's applicability is limited by these assumptions, which are 

nevertheless aligned with other simplified conceptual frameworks to represent groundwater 

(Burek et al., 2020; Rossman, 2015). In order to test this methodology, this empirical model was 

compared to GWL datasets collected along a coastal road AL-180 in Alabama.  Moreover, it was 

used to evaluate future groundwater scenarios to investigate the impacts of climate change effects, 

namely sea level rise, on GWL fluctuations. 

 

2.2. Data Collection 

To allow for the calibration of the models (verifying if they represent reality and adjusting 

the variables according to field data). The following sensors were installed along AL180 (see 

Figure 3): 

• Two level loggers model HOBO Water Level U20 Data Logger: one for the intermittent 

drainage channel on the outlet of the subbasin formed in Point 1 (Boat Launch); the second 

one to measure the water level at one side of the road in the western part of the peninsula, 

where an Alabama DOT employee reported inundation problems; one at the Mobile Bay 

side of the culvert close to the public boat launch and Kiva Dunes Resort to capture change 

in water depth.  

• Six HOBO level logger model U20L to capture shallow groundwater elevation were 

installed with the support of the Alabama DOT (which constructed monitoring wells) in 

the following locations (one on each side of the pavement, 6 in total): Navy Cove (located 

in the western part of the peninsula); close to the public boat launch and Kiva Dunes Resort; 

and at the field location called The Pines (Figure 3). One HOBO level logger model U20L  

• One level logger model HOBO Water Level U20L Data Logger to measure atmospheric 

pressure to be used to correct the pressure measured by the sensors in the water and get 

water level data. 

• Two rain gauges model HOBO Rain Gauge RG3-M Data Logger, one close to Point 1 

(Boat Launch) and the other in the western part of the peninsula to start collecting 
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precipitation data used in the future to calibrate the models together with the water level 

data. 

o There is also one weather station (Latitude: 30.2387°N, Longitude: 

87.8540°W) from the South Alabama Mesonet network that is being used 

to get precipitation data.  

• Four conductivity loggers model HOBO U24 were installed at the Navy Cove, the public 

boat launch, and The Pines to better understand the relationship between the salinity 

(calculated through the conductivity measurements) of the shallow groundwater and the 

water levels at Mobile Bay and the Gulf of Mexico (see Table 1 and Figure 3). 

 

                 Table 1 - Summary of monitoring variables by location 

 Groundwater 

monitoring 

Conductivity 

Monitoring 

Navy Cove North X  

Navy Cove South X X 

Boat Launch North X  

Boat Launch South X X 

Pines North X  

Pines South X X 
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Figure 3 - Monitoring locations. 

 

Figure 4a shows a well setup at the Pines location, a little further away from the pavement 

than the other wells. Figure 4b illustrates the atmospheric pressure sensor hanging from a tree and 

a sensor/datalogger being removed from the PVC encasing in the intermittent drainage channel 

located at the Boat Launch location. Figure 4c, on the other hand, is of the westernmost location 

in the peninsula, Navy Cove. It measured the water level downstream of a culvert. Figure 4d 

returns to the Boat launch location to show how the two wells were positioned at each location 

opposite each other, covering both sides of AL-180. Sensors in locations that had intermittent 

water levels had to be encased in PVC to avoid overheating. This was done after the channel and 
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atmospheric pressure sensor in Figure 4b presented problems because they remained dry for long 

periods of time. The groundwater sensors were installed using cords, and the distances shown in 

Figure 4 were collected to make it possible to calculate the water levels from the NAVD88 vertical 

datum. “L” is the length of the cord on which the sensors are attached up to the sensor location in 

the logger, “H” is the length of 2-inch PVC pipes above ground (Figure 5), and the ground 

elevation was collected using an RTK GPS device. 

 

 

Figure 4 – a: Well set up at the Pines location, a little further away from the pavement; b: atmospheric 

pressure sensor hanging from a tree and a sensor/datalogger being removed from the PVC encasing in the 

intermittent drainage channel located at the Boat Launch location; c: Navy Cove water level downstream 

of a culvert; d: two wells were positioned opposite each other at the Boat Lauch location. 

 

Regular site visits involved sensor installation, data retrieval, checking if the sensors were 

functioning properly, and visual inspection of road segments after rainfall events. In total, 14 trips 

were taken to Fort Morgan, with three of those trips also including the installation and maintenance 

of sensors in Dauphin Island. This data collection effort ensured a robust dataset for empirical 
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modeling and offered insights into the spatial and temporal dynamics of groundwater near the road. 

The inclusion of this fieldwork was essential to produce, calibrate, and validate the simplified 

predictor and ensure its grounding in real-world conditions. In addition, this data was used in the 

calibration and validation of the distributed hydrologic model to ensure it was a good 

representation of reality. 

 

 

Figure 5 - Groundwater wells disposition. 

 

2.3. Methods 

The field site selected for this study is located along Alabama State Route 180 (AL-180) 

in Fort Morgan Peninsula (Figure 6). The groundwater monitoring wells installed at this site are 

also shown. AL-180 is a single-lane roadway with shoulders on both sides, but with few drainage 

features such as ditches or culverts, since the sandy beaches along the road are expected to have 

a large infiltration capacity. This was confirmed by the predominant fine sand soil, supporting high 

infiltration rates. However, part of the system is well drained (26%) while the remainder (about 

74%) is poorly drained because of high water table conditions, as illustrated in Figure 6 (soil 

classification A/D on the east and west of the peninsula, meaning they have a high infiltration rate 

but also high water tables; (Soil Survey Staff 2022). Saturated hydraulic conductivity (K), while 

high, can vary on the order of 10-100 m/day (Chang et al. 2016). 
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Figure 6 - Location, elevation, hydrological soil group, and land cover for Alabama State Route 180 (AL-

180) in Fort Morgan Peninsula. Soil classification A means the soil has a high infiltration rate but also 

high water tables and, therefore, is poorly drained. 

 

Three groundwater monitoring wells were installed next to the roadway shoulders. These 

are referred to as the Pines (PN), Boat Launch (BL), and Navy Cove (NC; see Figure 3). The data 

from PN and BL were used for model development and calibration. The data obtained in NC was 

used for model validation and testing. As in other data-driven frameworks (Koley, 2023), the 

predictive capacity is sensitive to the quality of the calibration dataset. While our model relies on 

limited groundwater well data, these locations were selected to represent varying degrees of 



29 

 

saturation. In addition to GWL measurements, we also collected rainfall and tidal data from 

available sources (Dauphin Island Sea Lab 2024; Kimball and Terwey 2024; NOAA 2024).  

There are no perennial streams near the study area, and the major nearby water bodies are 

Mobile Bay (MB) to the north and the Gulf of Mexico to the south. The mean annual precipitation 

in the region is 1,581 mm (62.3 inches; NOAA, 2022), and the climate is classified as Humid 

Subtropical Climate (Beck et al. 2018). The main land cover classes are woody and emergent 

wetlands (44%), low-intensity developed land (13.1%), medium-intensity development (11.2%), 

barren land (11.4 %), and evergreen forest (8%).  

While there are no drainage structures near PN or NC sites, there is a drainage ditch near 

the BL site located to the south of the roadway, which influences the local groundwater levels. 

This ditch is part of a drainage system connecting upstream to Kiva Dunes Public Golf Course, 

and its drainage ditch water depth near the BL site was also monitored. The surface water 

reservoirs in the golf course allow gradual drainage of surface runoff following rainfall events. 

The intermittent flow conditions and standing water in the ditch contribute to keeping the GWL at 

the BL site high even after surface infiltration is complete. 

 

2.3.1. Tidal Elevations and Rainfall Data 

Tidal data was obtained from the National Oceanic and Atmospheric Administration 

(NOAA) Tides and Currents database from the Dauphin Island Station, located across the Fort 

Morgan Peninsula (not shown in Fig. 1). Tidal data is collected every six minutes but was averaged 

to a 15-minute temporal resolution to match the groundwater level data collected in this study. The 

maximum tidal level in the data set between November 2022 and October 2023 was 0.8 m, and 

the minimum level was -0.5 m, relative to the NAVD88 vertical datum. The average GWL was 

assumed to be rising at the same rate as SLR in future scenarios (Sukop et al. 2018), and the tidal 

variation (i.e., amplitude) was assumed to be the same as the present variation.  

Rainfall data were collected from the South Alabama MESONET program at Gasque 

station, located approximately 1.8, 3.1, and 12.1 km from the Pines, Boat Launch, and Navy Cove 

locations, respectively. An Excel VBA code was created to identify separate rainfall events, 

assuming rain events are separated by 6 hours (Huff 1967). Also, rainfall events less than 2 mm 
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were removed because they did not cause any noticeable changes in the measured GWLs. The 

remaining events were used to investigate the correlation between rainfall depth and GWL 

response. 

 

2.3.2. Water level and pressure measurements 

To enable comparison between ground elevation, tidal, and GWL data, all elevations 

reported in this study use the NAVD88 datum. The ground levels at the selected sites were 

measured using an RTK GPS receiver, and the elevations were 2.12 m at the Pines (PN), 2.19 m 

at Boat Launch (BL), and 1.21 m at Navy Cove (NC) sites, respectively. The distances between 

the three GW monitoring sites to MB were 136, 47, and 45 m for PN, BL, and NC, respectively. 

Five HOBO U20L water level loggers were deployed, measuring absolute pressures up to 207 kPa 

with a precision of 1 cm every 15 minutes. The loggers were distributed as follows: 

• Three loggers were placed in 6 m deep, 2-inch diameter PVC-encased wells drilled on 

the south shoulders of AL-180 at the three groundwater monitoring sites shown in Figure 3.  

• One HOBO level logger was placed at the ditch near the BL site.  

• One HOBO level logger was used for monitoring atmospheric pressure near site BL. 

 

2.3.3. Proposed GWL predictor model 

In the proposed methodology, the time-dependent GWLs, referred to as GWLm(t), are 

computed as a function of four components. The first component is a steady level, which models 

the baseline static GWL, referred to as 𝐺𝑊𝐿𝑠𝑡. This steady baseline component was estimated for 

each location based on data collected for an extended period without rainfall (e.g., 3 weeks or 

more) when groundwater recession reached a stable baseline level with negligible changes. The 

value of 𝐺𝑊𝐿𝑠𝑡 was observed to increase with the distance (d) from the MB; i.e., the steady-state 

groundwater gradient slopes downward toward the MB. The other three components that 

contributed to 𝐺𝑊𝐿𝑚(𝑡) are time-dependent: 

• Tidal contribution to the GWL, or 𝐺𝑊𝐿𝑇(𝑡): This effect was also determined using data 

collected for longer periods without rainfall. This was computed by comparing 24-hour 

GWL amplitudes at the monitoring sites with the corresponding MB tidal amplitude. In 
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addition, the fact that 𝐺𝑊𝐿𝑇 decreases in magnitude with distance 𝑑 from the coastline has 

been documented by previous studies (Casasso et al., 2015; Li et al., 2002).  

• Episodic GWL rise is the precipitation-induced recharge component R. Due to the high 

hydraulic conductivity of local soils, rainfall has a rapid effect on GWLs. Due to the 

absence of large additional water bodies along AL-180, such as lakes or rivers, no lateral 

GW recharge was assumed in the GWL predictor model. Hence, the proposed formulation 

assumes that the only factor influencing the rise in GWL is recharge due to the rainfall. An 

immediate GW rise response after rainfall events in coastal areas has also been observed 

by Casasso et al. (2015) and Sukop et al. (2018). The only exception was the BL location, 

where the drainage ditch water level was added to the model results after calibration. 

• Recession following rainfall events, designated as 𝐷. It is assumed that GWL drops 

following rain events due to GW one-dimensional flow (lateral flow in this narrow strip 

island can be ignored) toward MB or due to evapotranspiration. These two processes are 

combined into the term D. The lower limit for the recession effect is assumed to be 

constrained by the local 𝐺𝑊𝐿𝑠𝑡; thus, it is assumed that the recession cannot drop the GWL 

below the observed base level 𝐺𝑊𝐿𝑠𝑡 . 

The methodology assumes that: 1) the main source of groundwater rise is recharge from rainfall; 

2) the study area has high conductivity soils, yielding rapid GWL response; and 3) there are no 

other factors that can influence GWL, such as nearby streams and lakes. The combination of the 

three time-varying components results in the GWL rise term 𝐺𝑊𝐿𝑅(𝑡), which is updated over time 

using the equation presented below: 

𝐺𝑊𝐿𝑅(𝑡 + Δ𝑡) = 𝐺𝑊𝐿𝑅(𝑡) + 𝑓(𝑑, 𝐺𝑊𝐿𝑇(𝑡), 𝑅, 𝐷) (1) 

where the terms of the function 𝑓 are explained in the subsequent sections. 𝐺𝑊𝐿𝑅(𝑡) corresponds 

to the local GWL measured above the static value 𝐺𝑊𝐿𝑠𝑡. As shown in Figure 7, the predicted 

value for the local groundwater level is the summation of 𝐺𝑊𝐿𝑅(𝑡) and 𝐺𝑊𝐿𝑠𝑡: 

 𝐺𝑊𝐿𝑅(𝑡) = 𝐺𝑊𝐿𝑚(𝑡) − 𝐺𝑊𝐿𝑠𝑡   (2) 
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Figure 7 - Schematic profile illustrating the variables presented. Stable Groundwater 

 

If the methodology assumptions apply for a coastal site, the terms that appear in equations 1 and 

2 need to be calibrated to reflect the site-specific response to tide fluctuations, rainfall recharge, 

and recession. The following discussion details the terms of the function presented in Equation 2 

to update 𝐺𝑊𝐿𝑚. 

 

2.3.3.1. Stable GWL and Tidal Influence 

The linear relationship between MB's short (sub-daily) and long-term tidal levels and the 

GWL was determined at our study locations independently of rain events. The distance between 

the GW well and MB was the independent variable (𝑑) in both cases. The first dependent 

component, 𝐺𝑊𝐿𝑠𝑡, was obtained through curve fitting (Figure 8) in terms of the distance between 

the monitoring location and MB, defined as 𝑑 (expressed in m):  

𝐺𝑊𝐿𝑠𝑡 = 0.0041𝑑 + 0.0514                                                 (3) 

Also, a nonlinear relationship was developed between the observed GW daily amplitude 

linked with the tide fluctuations in MB and the distance from it in extended periods without 

rainfall. The effects of the tidal fluctuation from the Gulf of Mexico side (i.e., the southern border 

of Fort Morgan peninsula) were not considered since the installed GW wells are at least seven 

times closer to MB than the Gulf of Mexico (e.g., 47 m vs. 340 m). An Excel VBA code was 

created to identify peaks and troughs from the GW data and tide data for periods without rainfall 

and with that identify daily GW level amplitudes. Subsequently, an expression for the tide 

contribution to GWL, or 𝐺𝑊𝐿𝑇(𝑡), was identified and in terms of the distance 𝑑: 
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                                  𝐺𝑊𝐿𝑇(𝑡) = 0.260𝑒−0.026⋅𝑑𝐻𝑡𝑖𝑑𝑒(𝑡)                       (4) 

Where: 𝐻𝑡𝑖𝑑𝑒(𝑡) = MB tide elevation with reference to NAVD88 vertical datum. 

 
Figure 8 - Stable Groundwater Level (GWL) and Tidal fluctuation measured in wells as a function of 

distance (d). 

 

2.3.3.2. Local GW Recharge 

The well water level rise was studied after each rainfall event, utilizing the rain event 

separation process mentioned in Section 2.1. This process consisted of identifying GWL levels 

before and after each precipitation event. The episodic nature of recharge and the gradual recession 

between events align with the groundwater storage dynamics presented by Gleeson et al. (2014), 

in which water storage changes are calculated in aggregated time steps. The relationship between 

the rise in GWL and 𝐷 is presented in Figure 9. A linear trendline was adjusted between 𝐷 and the 

observed GWL rise, shown in Eq. 5:  

𝑅 = 4.0 ⋅ 𝑃 (5) 

 Where: R = GWL rise (m) and P = precipitation depth (m). In deriving Eq. 5, a few rain events 

recorded at the MESONET station were omitted, since they did not result in observable changes 
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in GWL. These were assumed to be either incorrectly reported rainfall depths or that rain did not 

fall near the GW wells. 

 
Figure 9 - Groundwater response to rainfall as a linear relationship. 

 

Since rain events are episodic, 𝐺𝑊𝐿𝑅 and 𝐺𝑊𝐿𝑚 were updated after each rain event was 

over through equation 6, and the calculation time step Δ𝑡 was set to the rainfall duration:  

𝐺𝑊𝐿𝑅(𝑡 + Δ𝑡) = 𝐺𝑊𝐿𝑅(𝑡) + 𝐺𝑊𝐿𝑡𝑖𝑑𝑒(𝑡) + 𝑅 

𝐺𝑊𝐿𝑚(𝑡 + Δ𝑡) = 𝐺𝑊𝐿𝑠𝑡 + 𝐺𝑊𝐿𝑅(𝑡) + 𝐺𝑊𝐿𝑡𝑖𝑑𝑒(𝑡) + 𝑅 

 

(6) 

 
 

2.3.3.3. Recession Estimates 

Between rain events, GWL at the monitored sites decreased due to GW flows toward MB 

and evapotranspiration effects, which depend on the soil’s hydraulic conductivity and potential 

evapotranspiration. The changes in GWL due to recession occur gradually, as opposed to episodic 

and fast GWL rises due to rainfall. Recession effects on GWL were computed every 15 minutes 

using two separate approaches by updating the changes on the GWL above the steady value (i.e., 

𝐺𝑊𝐿𝑅). 
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The method to compute the recession 𝐷 assumed that the 𝐺𝑊𝐿𝑅 recession is first order 

(Petricci et al. 2023) and hence can be modeled using the equation 
𝑑

𝑑𝑡
𝐺𝑊𝐿𝑅 = 𝐾𝑑 ⋅ 𝐺𝑊𝐿𝑅. For 

instance, the approach to simulate recession as a first-order decay is consistent with the linear 

reservoir application used in global-scale models such as CWatM (Burek et al., 2020). Coefficient 

𝐾𝑑 (in m day-1) was calibrated to best represent the local GWL behavior, selected as -0.060 m/day 

for all selected monitoring sites. Based on this second approach, and using a 1st order Forward 

Euler approximation for the numerical solution of the ODE, the recession term became: 

𝐷 = 𝐾𝑑 ⋅ 𝐺𝑊𝐿𝑅(t) ⋅ Δ𝑡 = −0.060 ⋅ 𝐺𝑊𝐿𝑅(t) ⋅ Δ𝑡 (7) 

Through equations 6 or 7, the effect of recession on 𝐺𝑊𝐿𝑅 and 𝐺𝑊𝐿𝑚 is expressed through 

equation 8: 

𝐺𝑊𝐿𝑅(𝑡 + Δ𝑡) = 𝐺𝑊𝐿𝑅(𝑡) + 𝐺𝑊𝐿𝑇(𝑡) + 𝐷 

𝐺𝑊𝐿𝑚(𝑡 + Δ𝑡) = 𝐺𝑊𝐿𝑠𝑡 + 𝐺𝑊𝐿𝑅(𝑡) + 𝐺𝑊𝐿𝑇(𝑡) + 𝐷 

 

(8) 

 

2.3.3.4. Updating the predicted GWL value 

The computational steps used in this study are summarized in the flowchart presented in 

Figure 10. The calculations employed 15-min time steps, updating 𝐺𝑊𝐿𝑅 through Eq. 8, except 

when rain events occurred. When rain events occurred, the time step Δ𝑡 matched the rainfall 

duration, and the value for 𝐺𝑊𝐿𝑅was updated through Eq. 6. However, if the 𝐺𝑊𝐿𝑅 became equal 

to zero, the methodology forces it to remain at zero until another rainfall event is reached. Once 

the desired time of the simulation is reached, the calculation of 𝐺𝑊𝐿𝑅 is completed (see Appendix 

A for the implementation in MS Excel VBA). 
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Figure 10 - Flowchart illustrating all the calculation steps used for simulating the Groundwater Levels 

(GWLs). 

 

2.3.3.5. Validation 

The 𝑅 and 𝐷 terms in equations 6 and 9 were calibrated using GWL measurements taken 

at the PN and BL sites. Later, they were validated using data from the NC site. The proposed 

methodology was applied to generate 𝐺𝑊𝐿𝑚(𝑡) predictions at the NC site and compared to local 

GWL measurements. Due to its location 9 km west of BL, rainfall data was generated based on 

both MESONET and the Dauphin Island rainfall stations, weighing according to the inverse 
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distance to the location. In addition, due to their widespread use for evaluating hydrologic models 

(Althoff and Rodrigues 2021), Root Mean Squared Error (RMSE) and Nash–Sutcliffe Efficiency 

(NSE) were used to evaluate the model’s predictive efficiency at all three locations. Motovilov et 

al. (1999) suggests that NSE values greater than 0.75 are considered good, while NSE values 

between 0.36 and 0.75 are considered satisfactory. In addition, two Shared Socioeconomic 

Pathways (SSPs) from the Intergovernmental Panel on Climate Change (IPCC) 6th Assessment 

Report (AR6), SSP3-7.0 and SSP5-8.5, were applied to assess climate scenarios in terms of Sea 

Level Rise (SLR) (Garner et al., 2021; Intergovernmental Panel on Climate Change (IPCC), 2023; 

Kopp et al., 2023). These scenarios were incorporated into the validated model to evaluate the 

potential impacts of SLR on the groundwater table and, consequently, on pavement conditions 

along AL-180. 

  

2.4. Results and Discussion 

 

2.4.1. Observations on GWL dynamics 

To illustrate GW dynamics at the three sites, Figure 11 shows GWL measurements in a 

period encompassing three rainfall events for all three study sites. The sections of AL-180 closer 

to MB (i.e., near BL and NC) present a similar tidal response in the GWL in terms of daily 

fluctuations and amplitudes. Both locations show a delay of around 90 minutes between the tidal 

peak and peak values observed in wells by the road. Most variation in the GWLs is caused by 

recharge due to rainfall and the associated recession it creates. This indicates the importance of 

both recharge and recession. As shown in Figure 11, GWLs rose immediately after rainfall and 

were followed by a recession period that lasted until the next rain event. Considering the second 

rain event, for instance, the same rainfall depth (70 mm) caused a 𝑅 value of 30 cm, 28 cm, and 

36 cm at NC, BL, and PN, respectively. The ratio of rainfall to the GWL rise 𝑅 As shown in 

Figure 11, the ratio was in the range of four or more, which is roughly similar to Peña et al. (2022), 

who found ratios for large rainfall events in the range of five times in a watershed in north Miami.  
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Figure 11 - Flowchart illustrating all the calculation steps used for simulating the Groundwater Levels 

(GWLs). 

 

Variations in tide amplitude measured in the wells are attributed to the distance to MB. At 

the PN site, there is a smaller amplitude tidal effect on the local GWL due to the longer distance 

between the site and MB. Habel et al. (2019) applied a physically based model to represent GWL 

in coastal areas in Honolulu, HW. Whereas that study acknowledged the effects of tidal signal 

attenuation, their work did not implement such attenuation in their predictions. Housego et al. 

(2021) observed attenuation of the tidal signal in GWLs in coastal North Carolina.  

 

2.4.2. Model Results 

Figure 12 compares measured GWL and the results from the proposed methodology for 

PN and BL locations, showing satisfactory agreement following a similar pattern to the observed 

values over a simulation period of almost one year. It can be observed that the greater proximity 

of BL to MB led to greater tidal influences on 𝐺𝑊𝐿𝑚. In addition, the formulation presented for 

tidal influence agrees very closely with the observed data in the wells. The discrepancy between 

the measured GWL and 𝐺𝑊𝐿𝑚 at BL is attributed to the periods in which there was standing water 

in the ditch near the well, as is further explained below. 
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Figure 12 - Local Groundwater Level (GWL) measurements compared to Time-dependent Groundwater 

Level (GWLm) predictions for The Pines and Boat Launch sites between January and December 2023. 

 

Starting in early October, a systematic discrepancy was noticed in the PN predictions. This 

discrepancy was particularly noticeable in the results for 𝐺𝑊𝐿𝑚 using Eq. 8 to estimate recession. 

It is speculated that this difference stems from discrepancies between the rainfall observed at 

the PN site and what was measured in the MESONET station. These discrepancies could also be 

linked to measurement errors associated with temperature changes, as the water table is close to 

the surface. Changes in temperature and water composition can affect water density and, in turn, 

level measurements (Rau et al., 2019).At the PN site, a better fit was achieved PN had an NSE of 

0.73, while the BL site had a smaller NSE of 0.42. RMSE values were also smaller at PN than at 

BL, 0.06 m against 0.11 m. These results align with 𝐷. Bowes et al. (2019) which used a Long-
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Term Short Memory (LSTM) machine learning model to predict GW table level. The authors 

found RMSE values ranging from 0.06 m to 0.1 m, consistent with the present study. 

GWL exceedance curves were derived for both observed data and predictions at the PN 

and BL sites and are presented in Figure 13. These curves help assess how long the subbase of 

AL-180 is affected by soil saturation over a hydrologic year without major coastal storms along 

Fort Morgan peninsula. At the PN site, 𝐺𝑊𝐿𝑚 predictions showed a better fit for lower 

probabilities (i.e., higher GWLs), which is important to estimate the amount of time when the 

relatively shallow pavement layers might be saturated. The overestimation of 𝐺𝑊𝐿𝑚 for higher 

probabilities (i.e., lower GWLs) may result from deviations in the modeled results towards the end 

of the simulation caused by differences in precipitation. 

 

 
Figure 13 - GWL exceedance curves for The Pines and Boat Launch sites based on observed GWL and 

Time-dependent Groundwater Level (GWLm) predictions. 

 

At BL, on the other hand, all GWL probabilities were underestimated by a relatively 

consistent amount, associated with the effect of the nearby drainage ditch that was not accounted 

for in Eq. 8. To verify this hypothesis, measured water levels from the drainage ditch near the well 

were added to the modeled results (Figure 14). After adding the ditch water levels to the predicted 
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𝐺𝑊𝐿𝑚, the agreement improved. NSE values for the BL site with the ditch water level added 

increased from 0.42 to 0.65, and RMSE results dropped to 0.09 m. This refinement of the results 

may be associated with discharge from the channel to the groundwater when there is runoff on the 

ditch (Lambs, 2004). Furthermore, discharge on the ditch may consist of both surface and 

groundwater, with the remaining differences possibly stemming from groundwater flow to the 

channel. 

 

 

Figure 14 - Comparison between observed Groundwater Level (GWL) and Time-dependent Groundwater 

Level (GWLm) predictions for the Boat Launch site after considering the effect of the overlying drainage 

ditch on the GWL series and exceedance probability. 

 

2.4.3. Model validation 

As explained, the data collected at NC was not used in deriving the expressions for the 

groundwater recharge 𝑅 (Eq. 5) or the recession estimates 𝐷 (Eqs. 7 and 8). Figure 15 shows the 
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predicted and measured GWL values for the NC location. Overall, the results illustrate that the 

proposed method successfully captured the general behavior of the GWL variation, even though 

the site is several kilometers away from the rain gauges. Moreover, accurately captured most GWL 

peaks, which is crucial for predicting pavement exposure. Predictions had an NSE of 0.56, 

comparable to the results obtained for the BL site after correction using the ditch level. 

 

 
Figure 15 - Model run results for Navy Cove. 1st-order decay results are close to the observed GWL for 

most of the period. 

 
GWL exceedance probability curves for NC had better results than those at BL and PN 

sites, as shown in Figure 16. Even though GWL values are slightly overestimated, the difference 

is minimal (less than 10 cm). The steepest variation occurs at a 10% exceedance probability for 

observed data, while the model predicts it starting around the 5% level. For the higher probabilities, 

on the other hand, the change in the slopes of the exceedance curves is similar between the 

observed and modeled. An important observation is that the exceedance probability curve reflects 

only one year of data collection. A longer observation record can potentially change these results, 

along with the occurrence of more intense rain events. 
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Figure 16 - GWL exceedance probability curves for the Navy Cove site based on observed GWL and 

Time-dependent Groundwater Level (GWLm) predictions. 

 
Doglioni and Simeone (2017) found similar NSE values (0.49 to 0.65) modeling 52 years 

of monthly rainfall and groundwater response using evolutionary polynomial regression. However, 

few monitoring sites have long records that facilitate daily or sub-daily characterization. Using a 

three-dimensional GW model coupled with a surface water level model in a beach nourishment 

area in the Netherlands, Huizer et al. (2018) computed RMSE values varying from 0.08 m to 0.17 

m for GWL predictions. However, their physical-based modeling required additional geologic 

characteristics and is more computationally demanding. Haaf et al. (2023) also found RMSE 

values close to 0.1 m using nonlinear regression to model daily groundwater series from 

neighboring locations, which is in the same range of this work. Therefore, the proposed model 

achieves the model accuracy found in related studies, but at sub-daily time scales and including 

tidal effects. 
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2.4.4. Estimating Effects of Sea Level Rise (SLR) 

In the current scenario (Figure 17), pavement layers are exposed to saturation for less than 

3% of the time. However, projections under climate change scenarios show a substantial increase 

in this risk. Based on SLR projections associated with SSP3-7.0 and SSP5-8.5, as illustrated in 

Figure 17, the frequency of subgrade saturation may increase dramatically. These scenarios were 

selected to represent a broad range of potential futures: SSP3-7.0 explores conditions under 

regionalized development pathways with varied adaptation and mitigation efforts. At the same 

time, SSP5-8.5 reflects rapid economic growth driven by fossil fuels. Under SSP5-8.5, for 

example, the subgrade may be saturated more than 90% of the time. Moreover, the base course 

and asphalt layers could be exposed more than 49% and 13% of the time. However, even under 

SSP3-7.0, a lower emissions scenario, the pavement may also be at risk because of high GW levels. 

Pavement subgrade saturation alone has been linked to service life reduction ranging from 5 to 

20% (Inyim et al. 2016; Knott et al. 2017), and even more pronounced degradation can occur when 

the base course is affected. These results emphasize the vulnerability of infrastructure to rising 

groundwater levels under high-emissions scenarios. However, it is important to acknowledge 

persistent uncertainties related to local sea level trends, land subsidence, and storm surge 

interactions, which could further influence the magnitude and frequency of groundwater impacts. 

The results and methodology presented in this study may help guide policy in terms of 

mitigation strategies. Among these strategies are roadway elevation, changes to drainage systems, 

incorporating permeable materials to the pavement to avoid upward pressures from GW, and 

nature and nature-based feature (NNBF) allocation (Picketts et al., 2016). As a planning tool, this 

model can be used for land use planning to identify infrastructure that is not at risk now but may 

be at risk in the future because of Sea Level Rise and increased rainfall intensity. In addition, such 

a tool could be used for real-time monitoring based on expected rainfall. 
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Figure 17 - GWLm exceedance curves for Navy Cove using equations (7) and (8), and its extrapolation 

considering SSP3-7.5 and SSP5-8.5, Shared Socioeconomic Pathways (SSPs) from the Intergovernmental 

Panel on Climate Change (IPCC) 6th Assessment Report (AR6) to assess pavement saturation in terms of 

Sea Level Rise (SLR). Shaded areas represent confidence intervals for GWL exceedance projections 

under each climate scenario, based on uncertainty in future sea level rise and rainfall patterns. 
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2.4.5. Model Limitations 

While an NSE validation of 0.56 indicates moderate predictive performance, it also 

highlights the limitations of applying a simplified model to a highly dynamic coastal system. Key 

assumptions contributing to potential error include the representation of soil properties as spatially 

uniform across the peninsula and the exclusion of density differences between saline and 

freshwater. Although soil data indicate uniform sandy soils along AL-180, local-scale 

heterogeneities may influence GWL responses. Furthermore, limited data availability restricted 

model validation to a single site. This may restrict the model’s transferability without further 

calibration. Despite these limitations, the model is designed to provide engineering-level estimates 

to support pavement maintenance decisions, which justifies the omission of lateral groundwater 

inflow. Moreover, Fort Morgan Peninsula's narrow geometry, ranging from 300 to 1000 meters in 

width, and the presence of constant head boundary conditions on both the Gulf of Mexico and 

Mobile Bay create a natural setting, allowing for the isolation of the effects of rainfall and 

boundary fluctuations on groundwater dynamics. 

 

2.5. Conclusions 

In this study, we developed a GWL modeling framework that is capable of predicting GWL 

time series based on available precipitation and tidal data. The approach offers a simple and 

intuitive methodology for assessing coastal infrastructure vulnerability to elevated GWLs. The 

model demonstrated a strong performance at calibration (NSE values as high as 0.73 and RMSE 

as low as 0.06m).  Moreover, it had satisfactory prediction performance at the validation site (NSE 

= 0.56, RMSE = 0.09 m), even though the location was away from the rainfall data source location.   

Beyond time series prediction, the model produced GWL exceedance probability curves, 

which can inform pavement deterioration and life span reduction assessments. This capability is 

critical for evaluating infrastructure risks, particularly for roads susceptible to high water tables. 

The GWLs generated using the proposed methodology may be improved with the use of longer-

term monitoring data, especially when more intense hydrological events are included. 

The study’s findings have direct implications for coastal roadway management. Its 

transferability to other sites, however, relies on proper calibration of the proposed model equations 
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for coastal regions with appropriate physiographic characteristics. However, the successful 

application of this methodology depends on the following assumptions: the leading cause of 

groundwater rise is recharge from local rainfall, the site has high conductivity soils (facilitating 

rapid GWL response), and there are no other factors, such as nearby streams, lakes, or pumping 

wells, that can influence GWLs.  

Despite its success, the model can be refined to improve the recession dynamics by 

including soil characteristics, which seemed to have a more substantial effect on the Navy Cove 

site. Moreover, evapotranspiration estimates could be improved using more sophisticated ET 

measurement approaches. Another means for improving the overall system dynamics is to consider 

seasonal climate effects in terms of the calibration parameters used for computing GWL recession. 

Finally, validating this framework in areas with different climatic and physiographic 

characteristics would also help enhance its applicability to other coastal roadways. 

While this chapter introduced an empirical methodology to estimate groundwater level at 

the AL-180 corridor, the analysis was limited to three locations. The next chapter builds upon this 

framework by extending the methodology to the longer segments of this corridor, with particular 

emphasis on locations within 200 meters of Mobile Bay within the applicability reach of this 

methodology. This spatial expansion allows for a more comprehensive screening of vulnerable 

road segments using the same predictive approach. 

 

2.6. Data Availability 

The MS Excel VBA code and the observed groundwater data used in this study are 

available at https://github.com/bjs0091/data-driven-coastal-GW-model. 
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Chapter 3. Pavement Infrastructure Exposure to High Water Tables Along a Coastal 

Roadway 

 

This chapter is a version of a paper that is under preparation for submission by Bruno J. de 

Oliveira Sousa, Luiz Menezes Morgado, and Jose G. Vasconcelos to Transportation Research 

Record. 

De Oliveira Sousa, B. J., Morgado, L. M., Vasconcelos, J. G. (2025). “Pavement exposure to 

high water tables along AL-180 in coastal Alabama.” [Manuscript under preparation] 

 

3.1. Introduction 

The combination of sea level rise with increasing frequency and intensity of extreme events 

contribute to pavement deterioration by increasing compressive strain, raising the likelihood of 

surface depressions and holes appearing, and causing pavement disintegration (Chen & Wang, 

2023; Titus-Glover et al., 2019b). This occurs because soil saturation on and beneath the pavement 

subbase increases deformation under traffic loading, leading to premature failure. Studies have 

demonstrated that saturation of pavement layers may reduce their service life up to 90% (Knott et 

al., 2018). Moreover, recovery after flooding is a slow process because the subgrade’s mechanical 

capacity may remain compromised for months after GWL recedes (King & Taylor, 2023). 

Understanding the temporal patterns of pavement saturation is crucial for informing effective 

management strategies. This is particularly relevant in coastal areas with shallow GWL and limited 

drainage due to their proximity to tidal water bodies. Therefore, understanding the spatial 

distribution of shallow groundwater conditions is crucial for maintenance prioritization, climate 

adaptation, and infrastructure resilience planning in coastal corridors. 

Accurate hydrologic predictions are essential for understanding the risks posed by external 

drivers such as tidal variations and rainfall. Physics-based models are commonly used to represent 

surface runoff, infiltration, groundwater flow, and evapotranspiration processes under various 

meteorological conditions (Downer & Ogden, 2006; Keller et al., 2023). However, the 

applicability of physical models is often constrained in data-scarce or large-scale settings due to 

their high computational demand and calibration complexity, particularly when high-resolution 

temporal predictions are required (McAnally, 2025). Conversely, empirical models can offer a 



49 

 

data-driven alternative for estimating GWL fluctuations and saturation persistence. Tidal 

variations, surface elevation, and precipitation affect groundwater dynamics in coastal areas, 

making data-driven methods particularly effective in predicting GWL variations (De Oliveira 

Sousa et al., 2025). This enables the easy identification of periods when the GWL intersects with 

the pavement structure. 

This study presents a geospatially distributed, empirical framework to predict 

groundwater-induced saturation along coastal roadways, using AL-180 as a case study. The 

framework expands the methodology (De Oliveira Sousa et al., 2025) but is evaluated at 100-meter 

intervals along Alabama State Route 180 (AL-180) in Fort Morgan Peninsula and Gulf Shores, 

AL. It encompasses the effects of Mobile Bay to the north, the Gulf of Mexico to the south, and a 

large water body known as Little Lagoon. Additionally, it incorporates surface elevation, rainfall, 

and tidal time series in its formulation. The goal is to perform a comparative evaluation of sections 

of AL-180 that are most susceptible to saturation of its layers and the implications for pavement 

resilience.  

 

3.2. Methods 

To demonstrate the usability of this methodology, a case study was conducted along AL-

180 in Fort Morgan Peninsula, Alabama. The area was chosen because it is a barrier peninsula 

subject to constant groundwater fluctuations driven by tides and precipitation. For this study, the 

road was divided into 100-meter segments to allow for spatially explicit modeling along the 

corridor. This was done using the ArcGIS Pro "Generate Points Along Line" tool, which creates 

evenly spaced points along a polyline feature—in this case, the centerline of AL-180. The road 

shapefile was obtained from the TIGER/Line database (U.S. Census Bureau, 2024), which 

provides nationwide transportation data. To isolate the study area, the shapefile was clipped to the 

boundaries of the two relevant census tracts: Fort Morgan Peninsula (114.08) and Gulf Shores 

(114.07). However, the entire area was divided into two major subsections of AL-180 due to the 

influence of a large water body located on the east side of the peninsula, called Little Lagoon. 

To quantify the distance from the tidal water body (d), only the “Estuarine and Marine 

Deepwater” features from the National Wetlands Inventory (NWI) (U.S. Fish & Wildlife Service, 

2025) were used to represent the shoreline boundary. These features were extracted from the 
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original NWI shapefile and then used as input for the “Near” tool in ArcGIS Pro, where the 

distance from each road point to the nearest location on the shoreline shapefile was calculated. The 

"Near" tool in ArcGIS calculates the distance from each feature (wetland) in the input layer to the 

nearest feature in another layer (or within the same layer if no other is specified). This parameter 

was later saved as the “dist” column in the point input file. Selected points were used to illustrate 

groundwater level (GWL) trends in different locations along AL-180 using Exceedance probability 

curves.  

 

3.2.1. Modeling framework 

This model has two time-dependent input variables: rainfall depth (R) and tidal water level. 

The rainfall data was acquired from a station in the South Alabama Mesonet System (Lat: 

30.2387°N; Long: 87.8540°W) (Kimball & Terwey, 2024), where precipitation is available at a 

one-minute temporal resolution. Therefore, it was resampled every 15 minutes to enhance 

calculation speed. Tidal water level, on the other hand, was obtained from the Dauphin Island 

monitoring station managed by the National Oceanic and Atmospheric Administration (NOAA) 

(NOAA, 2024). The water levels are available every 6 minutes, necessitating resampling to align 

both inputs at the same temporal resolution. To facilitate the calculation of time intervals between 

time steps, time was expressed in decimal days. Additionally, rainfall values were converted from 

millimeters to meters to match the scale of other model variables. Missing values in both series 

were addressed using either zero-filling or interpolation methods, depending on the context and 

data behavior. 

The empirical groundwater model created by De Oliveira Sousa et al. (2025) (Chapter 2) 

estimated the groundwater table elevation (or modeled groundwater level, GWLm) at each location 

based on precipitation-driven recharge, recession, and tidal influence. It begins by computing a 

static GWL (GWLst), which depends on the distance from the point to the nearest shoreline and 

represents the minimum elevation that the GWL would reach. The next step involves calculating 

a tidal signal attenuation coefficient (GWLT) that decreases exponentially with distance from the 

shoreline. Then, the model interactively computes the GWL above the GWLst in two scenarios: if 

there is rainfall, it adds the precipitation multiplied by a recharge factor (R); if there is no rainfall, 
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it follows a first-order decay to represent recession. GWL rise term 𝐺𝑊𝐿𝑅(𝑡), which is updated 

over time using Equation 9 presented below: 

𝐺𝑊𝐿𝑅(𝑡 + Δ𝑡) = 𝐺𝑊𝐿𝑅(𝑡) + 𝑓(𝑑, 𝐺𝑊𝐿𝑇(𝑡), 𝑅, 𝐷) (9) 

where the terms of the function 𝑓 are explained in the subsequent sections. 𝐺𝑊𝐿𝑅(𝑡) 

corresponds to the local GWL measured above the static value 𝐺𝑊𝐿𝑠𝑡. As shown in Figure 2, the 

predicted value for the local groundwater level is the summation of 𝐺𝑊𝐿𝑅(𝑡) and 𝐺𝑊𝐿𝑠𝑡: 

 𝐺𝑊𝐿𝑅(𝑡) = 𝐺𝑊𝐿𝑚(𝑡) − 𝐺𝑊𝐿𝑠𝑡 (10) 

The first dependent component, 𝐺𝑊𝐿𝑠𝑡, was obtained through curve fitting (Figure 3) in 

terms of the distance between the monitoring location and MB, defined as 𝑑 (expressed in m):  

𝐺𝑊𝐿𝑠𝑡 = 0.0041𝑑 + 0.0514                                                     (11) 

Subsequently, an expression for the tide contribution to GWL, or 𝐺𝑊𝐿𝑇(𝑡), was identified, 

and in terms of the distance 𝑑: 

                                     𝐺𝑊𝐿𝑇(𝑡) = 0.260𝑒−0.026⋅𝑑𝐻𝑡𝑖𝑑𝑒(𝑡)                                   (12) 

Where: 𝐻𝑡𝑖𝑑𝑒(𝑡) = MB tide elevation with reference to NAVD88 vertical datum. Then, a 

linear trendline was adjusted between 𝐷 and the observed GWL rise, shown in Equation 13:  

𝑅 = 4.0 ⋅ 𝑃 (13) 

Where: R = GWL rise (m) and P = precipitation depth (m). In deriving Eq. 5, a few rain 

events recorded at the MESONET station were omitted, since they did not result in observable 

changes in GWL. These were assumed to be either incorrectly reported rainfall depths or that rain 

did not fall near the GW wells. Since rain events are episodic, 𝐺𝑊𝐿𝑅 and 𝐺𝑊𝐿𝑚 were updated 

after each rain event was over through equation 6, and the calculation time step Δ𝑡 was set to the 

rainfall duration:  

𝐺𝑊𝐿𝑅(𝑡 + Δ𝑡) = 𝐺𝑊𝐿𝑅(𝑡) + 𝐺𝑊𝐿𝑡𝑖𝑑𝑒(𝑡) + 𝑅 

𝐺𝑊𝐿𝑚(𝑡 + Δ𝑡) = 𝐺𝑊𝐿𝑠𝑡 + 𝐺𝑊𝐿𝑅(𝑡) + 𝐺𝑊𝐿𝑡𝑖𝑑𝑒(𝑡) + 𝑅 

 

(14) 

The method to compute the recession 𝐷, on the other hand, assumed that the 𝐺𝑊𝐿𝑅 

recession is first order (Petricci et al. 2023) and hence can be modeled using equation 15: 
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𝑑

𝑑𝑡
𝐺𝑊𝐿𝑅 = 𝐾𝑑 ⋅ 𝐺𝑊𝐿𝑅                                                          (15) 

Through equations 6 or 7, the effect of recession on 𝐺𝑊𝐿𝑅 and 𝐺𝑊𝐿𝑚 is expressed through 

equation 8: 

𝐺𝑊𝐿𝑅(𝑡 + Δ𝑡) = 𝐺𝑊𝐿𝑅(𝑡) + 𝐺𝑊𝐿𝑇(𝑡) + 𝐷 

𝐺𝑊𝐿𝑚(𝑡 + Δ𝑡) = 𝐺𝑊𝐿𝑠𝑡 + 𝐺𝑊𝐿𝑅(𝑡) + 𝐺𝑊𝐿𝑇(𝑡) + 𝐷 

 

(16) 

The following step calculated the water depth based on land elevation along the road. To 

obtain the elevations along AL-180, the Coastal National Elevation Database (CoNED) Project 

Topobathymetric Digital Elevation Model (TBDEM) was used, which was collected in 2021 with 

a 1-meter cell resolution (OCM Partners, 2024). Groundwater depth was calculated as the surface 

elevation minus the GWL at each time step. 

The results are stored in two formats: long, which has one record per location and 

timestamp, storing either the GWLm or the water depth, along with spatial coordinates; the second 

is the wide format, which has each step as a row and each point as a column, making it better for 

time series visualization. Both formats can be exported as .csv files to enable the transfer of results. 

The long format, for example, which also includes a datetime field, can be used for spatiotemporal 

analysis. 

 

3.2.2. Spatiotemporal Analysis 

The Space-Time Cube (STC) methodology in ArcGIS Pro (Esri, 2025) provides a 

framework for analyzing spatial and temporal patterns simultaneously by aggregating point-based 

observations into a three-dimensional cube structure, where each bin represents a specific location 

and time interval. This data structure enables the detection of localized temporal trends, the 

identification of statistically significant clusters, and the characterization of space-time dynamics 

across a study area (DeSousa et al., 2024). In this study, the cube was organized by specified 

locations based on the points along AL-180, where the distance from the tidal body (Mobile Bay) 

was less than 200 m. Additionally, the data must be structured in a specific manner, with a column 

containing an identifier, another column containing the date and time in a date format, and a third 

column containing the measurement. This analysis utilizes the long format; however, the date field 



53 

 

must be transformed into an ArcGIS Pro date field, and the depth column must be converted into 

a numeric field. 

To assess the temporal direction of change at each spatial location, a Mann-Kendall trend 

test is applied to the attribute values within each bin series. The Mann-Kendall test is a non-

parametric method suitable for detecting monotonic trends in environmental time series data 

without requiring assumptions about data distribution (Kendall, 1976; Yue et al., 2002). The output 

indicates whether a location exhibits a statistically significant increase, decrease, or no discernible 

trend over the study period. This permits the evaluation of the depth to saturated groundwater over 

time for each location. While this study analyzes a 15-year groundwater simulation, it is important 

to note that this time frame may not fully capture long-term climate variability. 

Time series clustering was then applied to the STC to group locations based on the 

similarity of their temporal behavior. K-means clustering was used to partition locations into a 

predefined number of clusters, each representing a characteristic temporal pattern (e.g., increasing, 

oscillating, stable). This approach supports spatial interpretation of dominant temporal patterns 

across the study area (Esri, 2025; Macqueen, 1967). The optimal number of clusters is often 

determined using internal validation indices, such as the Calinski-Harabasz or Davies-Bouldin 

index (Warren Liao, 2005). 

Lastly, Emerging Hot Spot Analysis applies the Getis-Ord Gi* statistic (Getis & Ord, 1992) 

across the space-time cube to identify statistically significant hot and cold spots over time. The 

Gi* statistic evaluates each bin in relation to its spatial and temporal neighbors to determine 

whether observed values are significantly higher (hot spots) or lower (cold spots) than expected. 

The analysis classifies each location based on the temporal evolution of these hot spots, such as 

new, consecutive, oscillating, or diminishing. New hotspots refer to locations that were not 

statistically significant but have become significant in recent time steps, which means the might 

be a new area of concern; Consecutive hotspots, on the other hand, have been statistically 

significant for an uninterrupted sequence of time; Oscillating hotspots refer to locations have 

changed between hot and cold spots over time, which means they may not be with w tables closer 

to the pavement for long periods of time; lastly, diminishing hotspots means a location is becoming 

less significant over time, which means the depth in relation to the pavement has not been 

increasing or decreasing significantly over time (Esri, 2025a). Hence, it provides insights into the 
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persistence or emergence of high-value clusters, which is particularly useful for understanding 

changes in groundwater level fluctuations (Esri, 2025b). 

 

3.2.3. Exceedance 

To quantify how often groundwater approaches the surface, the exceedance probability 

was calculated for each segment’s points. The Weibull Plotting Position approach was utilized to 

derive these curves. This method involves ordering the GWL values in descending order and then 

calculating the probability of each water level using the Weibull Plotting Position formula shown 

below (Chow et al., 1988): 

𝑃 =
𝑖

𝑁+1
                                                                 (17) 

Where: P = probability that the value is equal to or higher than the current value; N = total number 

of data points/steps; i = rank of the data point from the largest to the smallest. 

 

3.3. Results 

The results were analyzed to characterize spatiotemporal patterns and the exceedance 

period of groundwater saturation along the road. Factors R and D were calibrated by Sousa et al. 

(2025) using data from wells along AL-180, yielding values of 4.0 and 0.06, respectively (the same 

as in the original study). Locations closer to the coastline exhibited more frequent and higher 

groundwater peaks, consistent with the influence of tidal forcing and reduced elevation. 

Conversely, inland locations demonstrated lower groundwater variability but higher water table 

depths, which makes them also vulnerable to pavement saturation. 

Figure 18 illustrates the pavement elevation of AL-180 in comparison to simulated GWLs 

at the 10th, 50th, and 90th temporal percentiles along two segments in the western portion of the 

corridor. Between kilometers 2 and 7, the road is lower than the rest of its length, with elevations 

mostly ranging from 1.5 to 2.5 meters. At the same time, between kilometers 12 and 18, there is a 

greater topographic variability, and higher elevations in general. The simulated groundwater levels 

in both segments exhibit limited variation, with the 10% GWL often ranging from 1.2 to 1.4 meters 

in elevation. Between kilometers 5 and 6, for example, the separation between the pavement and 
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GWL is reduced, indicating locations where the water table may pose a greater risk of surface 

saturation or pavement subgrade vulnerability. However, most of the first segment’s length may 

have been exposed to saturation for at least 10% of this 15-year period. The aerial images at the 

bottom provide spatial context, revealing the proximity of these segments to coastal and residential 

areas. Kilometers 14 to 18 may also be exposed to soil moisture, but with a different threshold. 

While the first segment is exposed to saturation at less than 0.3 m from the surface, the segment 

on the right is exposed to saturation only at approximately 1 m below the pavement surface.  

 

 

Figure 18 – Groundwater level exceedance at the western side of Fort Morgan Peninsula. The number 

legends represent the number of kilometers. GWL10%, 50%, and 90% represent the level that is exceeded 

10%, 50%, and 90% of the time. Pavement Elevation refers to the surface elevation of the road according 

to the Digital Elevation Model. 

 

Figure 19 presents the other two segments of the eastern portion of AL-180, covering 

kilometers 23 to 27 and 29 to 31. Pavement elevation in these segments is generally higher than in 

the western portion. Despite the higher road profile, simulated groundwater levels remain within 

a 1.3- to 1.5-meter range when considering the 10% GWL. In some locations, such as between 

kilometers 24 and 25, the elevation difference between the pavement and GWL10% is notably 

reduced, suggesting this area may be more vulnerable in the future if rainfall frequency and 

quantity increase. The same happens just before kilometer #30. The satellite images below show 

that these road segments traverse a mixture of residential developments, forested areas, and low-

lying terrain adjacent to Mobile Bay. Moreover, the GWLs in these segments of AL-180 may be 

more influenced by the level of Little Lagoon, which appears to the south in the satellite images. 
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Figure 19 – Groundwater level exceedance at the eastern side of Fort Morgan Peninsula. The number 

legends represent the number of kilometers. GWL10%, 50%, and 90% represent the level that is exceeded 

10%, 50%, and 90% of the time. Pavement Elevation refers to the surface elevation of the road according 

to the Digital Elevation Model. 

 

The Mann-Kendall trend test showed an overall decreasing trend in water depths from the 

pavement surface, meaning the distance between the pavement surface and the saturated lens has 

been decreasing over the last 15 years. The time series clustering (Figure 20, top panel) reveals a 

gradual intensification of temporal patterns on the left, and from the center toward the eastern parts 

of the segment, with clusters 6 through 10 dominating this stretch. These clusters likely correspond 

to locations experiencing increasingly frequent or persistent high groundwater levels. The 

emerging hot spot analysis (bottom panel) supports this interpretation: a band of decreasing hot 

spots in the western portion suggests a declining distance from the saturated groundwater lens to 

the pavement surface. The presence of oscillating hot spots in the mid-section indicates 

fluctuations in significance over time. Therefore, it cannot be concluded that the water depth is 

decreasing at these locations. Part of the eastern portion exhibits no detectable spatial-temporal 

pattern, possibly due to either low variability or insufficient significance. The low variability can 

be attributed to the increase in distance from Mobile Bay, which reduces the influence of tidal 

variations. However, there are some new hotspots in the central part of the segment, as well as one 

kilometer of new hotspots on the extreme right of this segment. This means that while groundwater 

levels may not be increasing as much in the west, they remain dynamic in the center (at kilometers 
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4 and 5), and the increase is more pronounced in the east of this segment (between kilometers 6 

and 7). 

 

 

Figure 20 - Clusters and Emerging Hotspot Analysis results for kilometers 2 to 7. 

 

The top panel of Figure 21 shows a concentration of clusters (8 to 10) in the western portion 

of the segment, which transitions into lower-numbered clusters toward the east. This may indicate 

a west-to-east gradient in groundwater behavior or hydrological response, which is consistent with 

the increase in distance from Mobile Bay and higher elevations towards the east of the peninsula. 

This trend also happens in the emerging hotspot analysis (bottom panel), where the western section 

is dominated by oscillating hotspots. This means that these areas have experienced alternating 

magnitudes of groundwater depth over time, and these changes in groundwater depths may be 

significant at some points in time, but not in others. Of particular concern are the decreasing 

hotspots to the west of this section, which confirms that the groundwater depth has been 

approximating the pavement over the last 15 years. Therefore, these findings highlight the need 
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for enhanced monitoring and adaptation strategies, as kilometers 12 to 14 have the highest 

probability of presenting smaller groundwater depths (closer to the pavement) over time. 

 

 

Figure 21 - Clusters and Emerging Hotspot Analysis results for kilometers 12 to 18. 

 

3.4. Discussion 

The results along the AL-180 corridor demonstrate that the empirical methodology applied 

was effective in capturing spatial and temporal patterns of pavement exposure to shallow 

groundwater in coastal areas. The simulations indicated that segments located at lower elevations 

and closer to water bodies exhibited higher frequencies of groundwater level (GWL) peaks and 

smaller gaps between the water table and the pavement surface, especially for the 10th percentile 

GWL. This is consistent with the literature describing groundwater dynamics in zones under 

simultaneous influence of tides and intense rainfall, particularly in barrier islands and transition 

zones between shallow aquifers and coastal water bodies (Habel et al., 2024; Werner et al., 2013). 

However, if the distance from the tidal body increases without an accompanying elevation 
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increase, the GWL may continue to rise inland, following the Boussinesq formulation (Hayek, 

2019; Tang et al., 2016), and impact the pavement integrity. This is what may happen at kilometers 

14, and 16 to 17. 

Because the model simulates continuously over a 15-year period, percentiles such as the 

10% exceedance level represent the condition in which groundwater was within 0.3 meters of the 

pavement for 10% of the total simulation time. This corresponds to a substantial duration (e.g., 

more than 500 days) and should be considered a severe condition. Therefore, even a 1% 

exceedance threshold, equivalent to 55 days, may indicate concerning levels of pavement 

vulnerability in these segments. 

The application of the Space-Time Cube methodology revealed the presence of temporal 

trends, clusters with similar hydrological behavior, and the emergence of statistically significant 

hotspots. The occurrence of decreasing hot spots in the western segment suggests a progressive 

reduction in groundwater depth over the last 15 years, while oscillating hot spots in the central 

segment indicate fluctuations that may be associated with interannual climate variability and tidal 

seasonality. New hotspots observed in the eastern segment indicate a recent intensification of 

GWL dynamics, possibly driven by changes in rainfall. Previous studies have shown that areas 

near water bodies tend to experience more frequent surface saturation due to intensified recharge 

events and shorter recession periods (Chegini et al., 2025; Hunt et al., 2006). 

Although the model used only three main inputs (distance from a tidal water body, tidal 

levels, and rainfall depths), the results indicated a strong capacity to represent the spatiotemporal 

variability of GWL along the corridor. This approach provides an alternative for studies in areas 

with limited data availability and a need for rapid assessments, particularly across long coastal 

road segments. When compared to more complex physics-based models, which require extensive 

calibration, soil parameters, and a more elaborate monitoring infrastructure (Cherubini et al., 

2023). The presented framework allows scalable and low-cost screening for prioritizing 

monitoring and adaptation of road infrastructure. 

However, certain limitations must be acknowledged. The model assumes a uniform 

exponential attenuation of the tidal signal based only on distance to the shoreline, without 

accounting for hydrogeological factors such as hydraulic conductivity, soil heterogeneity, or 

aquifer conditions. Additionally, the use of historical precipitation and tide time series to simulate 
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past behavior may not accurately represent future responses under sea level rise and intensifying 

extreme events (Ferguson & Gleeson, 2012). Future improvements may include the incorporation 

of soil parameters, climate scenarios, and seasonal effects on groundwater abstractions, as well as 

continuous calibration with field data from wells and sensors distributed along other corridors. 

 

3.5. Conclusions 

This study presented a groundwater-level modeling framework based on empirical 

equations to estimate the depth to groundwater along a coastal highway corridor subjected to tidal 

variation and intense precipitation events. Applied to Alabama State Route 180 in the Fort Morgan 

Peninsula, the approach enabled the identification of potentially vulnerable road segments with 

prolonged exposure to shallow water levels. The 15-year simulation revealed that segments 

between kilometers 5 to 6 and 14 to 18 were particularly at risk, especially in areas where pavement 

elevation was lower than 2 meters. 

The integration of model results with spatiotemporal tools, such as the Space-Time Cube, 

enabled a deeper understanding not only of the geographical distribution of vulnerability but also 

of its temporal evolution. These findings underscore the importance of accounting for groundwater 

fluctuations as a key variable in assessing the vulnerability of transportation infrastructure in low-

lying coastal zones, particularly in the context of climate variability. 

Future applications should focus on comparing these findings with maintenance records 

and pavement health metrics, extending the methodology to other coastal road corridors, and 

evaluating the model's sensitivity to varying soil and land cover conditions. Additionally, 

normalizing the parameters may help reduce uncertainty and create a resilience index for coastal 

pavement infrastructure based on shallow groundwater levels. This framework can support 

decision-making processes by helping identify priority areas for adaptation, maintenance, and 

resilient infrastructure planning. 

The empirical method presented in this chapter enabled the vulnerability evaluation of 

segments of AL-180 in terms of groundwater saturation based on tide, proximity to tidal waters, 

and rainfall. However, to support design-level decisions and evaluate complex interactions at short 

time scales, a more detailed, physically based hydrologic model is required. Chapter 4 addresses 
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this need by applying the Gridded Surface Subsurface Hydrologic Analysis (GSSHA) model to a 

representative domain at the Boat Launch location, offering insight into hydrologic behavior at the 

sub-daily scale and providing a higher-resolution understanding of groundwater-surface water 

interactions and flood dynamics. 
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Chapter 4. Evaluating Distributed Hydrologic Modeling to Assess Coastal Highway 

Vulnerability to High Water Tables 

 

This chapter is a revised version of a paper submitted by Bruno J. de Oliveira Sousa, Luiz 

Menezes Morgado, and Jose G. Vasconcelos to MDPI Water. 

De Oliveira Sousa, B. J., Morgado, L. M., Vasconcelos, J. G. (2025). “Evaluating 

Distributed Hydrologic Modeling to Assess Coastal Highway Vulnerability to High Water 

Tables.” [Manuscript accepted for publication] 

 

4.1. Introduction 

Hydrological modeling tools are widely applied in the inland context of infrastructure 

planning and design (Lee et al., 2020; Palanisamy et al., 2024; Yuan et al., 2023). Due to increased 

water-related stressors, their role in highway and transportation infrastructure design and 

assessment is becoming more significant. These tools can assist in predicting and managing 

impacts such as flooding, bridge scour, and stormwater runoff on roads and bridges. As detailed 

in (Vasconcelos et al., 2023), these models have been applied to assess infrastructure vulnerability 

and resiliency to flooding (Ahmari et al., 2021; Giacomoni et al., 2019; Thomas et al., 2020), 

evaluate bridge and streambed processes (Schwartz, 2018; Vasconcelos et al., 2018), and manage 

stormwater runoff from roadways to improve water quality and quantity (Herb et al., 2017; 

Hoogestraat, 2017; Zhang et al., 2018). 

Yet, such modeling tools encounter specific challenges when applied in coastal settings, 

where perennial streams are often absent and tidal effects are present. To date, semi- or fully 

distributed hydrological modeling tools have not been extensively tested in local-scale coastal 

areas, particularly considering varying shallow groundwater dynamics. While popular, lumped 

models are also not applicable since these are designed to estimate peak flows (Vasconcelos et al., 

2023), helping in conveyance design, such as culverts. Even widely used distributed models like 

the Hydrologic Modeling System (HEC-HMS) (Scharffenberg, 2016) and Stormwater 

Management System (EPA-SWMM) (Rossman, 2015), when applied in coastal regions, often 

average sub-catchment parameters, relying on channelized flows and overlooking localized land 

cover impacts. This limitation is particularly critical in coastal environments, where factors such 
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as rising water tables and pavement saturation are known to significantly compromise roadway 

integrity by weakening the underlying structural support of the pavement as moisture levels 

increase in the subgrade and base layers (Knott et al., 2018). Most hydrological tools average soil 

saturation results, thus losing spatial discretization. Surface water-groundwater interactions, 

frequently neglected in surface-focused hydrological models, can significantly skew water balance 

and soil moisture computations (Bragg et al., 2025). Therefore, the capacity of distributed models 

such as Gridded Surface Subsurface Hydrologic Analysis (GSSHA) (Kampf & Burges, 2007) to 

accurately track groundwater levels becomes essential for robust coastal hydrological assessment.  

GSSHA is a physics-based, distributed hydrologic model that allows for detailed 

assessment of flood and high water table vulnerability on roads. It enables 2D overland flow 

simulation, 1D channel routing, infiltration, surface and groundwater interaction, a 2D 

groundwater surface, and simulation of evapotranspiration and surface retention (Downer & 

Ogden, 2003; Weston et al., 2015). In addition, GSSHA has been applied in various contexts, such 

as urban stormwater planning, rural and forested areas, watershed management, and urban coastal 

areas. Regarding urban stormwater planning, there is a good agreement between observed 

streamflow and the location of best management practices (BMPs), which is more significant in 

distributed models than in lumped models (Brendel et al., 2021; Fry & Maxwell, 2018). It provides 

more insights into water movements using the Penman-Monteith method, surface water and 

groundwater interactions, and the simulation of tile drains in forested and rural areas (Hamedi & 

Fuentes, 2015; Sith & Nadaoka, 2017).  

GSSHA has also been used to predict water tables for roadway infrastructure planning and 

the allocation of BMPs, highlighting a key contrast with SWMM. Semi-distributed models 

typically average the groundwater elevation for multiple subcatchments and do not account for 

lateral flow (Moore et al., 2017). The work by Karamouz et al. (2017) predicted that a rise in sea 

level and an increase in rainfall intensity would lead to an increase in the number of areas impacted 

by flooding in lower Manhattan, NY. However, natural physical processes such as surface runoff 

generation and infiltration are significantly altered in such an urbanized area compared to a low-

urbanization peninsula. Therefore, there is a need to assess the extent to which hydrologic models 

capture subsurface interactions at high spatial and temporal resolutions so that roadway saturation 

can be accounted for in coastal areas. 
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Therefore, this study evaluates whether GSSHA can represent key hydrologic processes in 

a coastal environment where the tool is not typically used. The model application focuses on 

quantifying the vulnerability of coastal transportation infrastructure due to saturated water tables, 

including extreme coastal events. Two model scales were used: the large-scale model, covering 

the entire peninsula at a 30-meter grid cell resolution, was used to provide a general assessment of 

surface flooding along the corridor; the small-scale model focused on a 2 km segment of AL-180 

using a 3-meter resolution. It incorporated field-collected groundwater level data for calibration, 

high-resolution land cover classification, and detailed boundary conditions to evaluate 

groundwater table responses to rainfall. By doing so, we aim to provide insights that will inform 

technical and policy decisions, ultimately enhancing the long-term resilience of coastal 

infrastructure. 

 

4.2. Local-Scale Model 

 

4.2.1. Study Area 

The study area is situated in Baldwin County, Alabama, along Alabama State Route 180 

(AL-180) in Fort Morgan Peninsula (Figure 23). According to NLCD land cover data, the land 

cover classes in the area are Developed, Low, Medium, High intensity, and Sand Barren land. 

Also, the predominant soil in the study area is sand. To the north, there is Mobile Bay, and to the 

south, there is the Gulf of America. The mean annual rainfall in the region is 1580.7 mm 

(Kimball & Terwey, 2024). Its climate is classified as Temperate, with no dry season, and a hot 

summer (Beck et al., 2018). However, the area is susceptible to floods, sea level rise, and storm 

surges due to its low elevations, which range from 2.13 to 2.74 m (7 to 9 feet). Furthermore, the 

proximity to water makes the area directly exposed if it is on the trajectory of a hurricane. 
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Figure 22 - Study area for the small-scale GSSHA modeling. The water body to the north is Mobile Bay, 

and the one to the south is the Gulf of America. 

 

4.2.2. Data 

Several datasets were used to configure the GSSHA models, including Soil Data from the 

Soil Survey Geographic (SSURGO) database for Baldwin County (Soil Survey Staff, 2022); Land 

Cover Data from the National Land Cover Database (NLCD); Im-agery from the National 

Agriculture Imagery Program (NAIP) (OCM Partners, 2022) was used to improve the resolution 

of the land cover classification using GeOBIA for the local-scale simulation (Dewitz, 2024); 

Elevation Data: Based on our analysis, we utilized the one-meter Digital Elevation Model (DEM) 

from the U.S. Geological Survey (USGS) Coastal National Elevation Database (CoNED) 

Applications Project as it is more recent and aligns with field investigations. Rainfall and tide data 

were also col-lected from the South Alabama Mesonet (Kimball & Terwey, 2024)and from NOAA 

Tides and Currents’ Dauphin Island station (NOAA, 2024). The Alabama Department of 

Transportation (DOT) supported the installation of one HOBO level logger, model U20L, to 

capture shallow groundwater elevation (Figure 24, blue pin). In addition, the authors installed 

another level logger of the same model to measure atmospheric pressure close to the groundwater 

well (Figure 2, yellow pin). 
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Figure 23 - Monitoring locations used in the distributed hydrologic model. 

 

4.2.3. Land Cover Classification using GeOBIA 

This study employed Geographic Object-Based Image Analysis (GeOBIA) on NAIP 

imagery to improve land cover classification. The eCognition Developer software was used, with 

Band 1 designated as the red band, Band 2 as the green band, Band 3 as the blue band, and the last 

as the Near Infrared band (NIR). Then, segmentation was processed using the Spectral Difference 

Segmentation algorithm, which identified the following classes: barren land, trees (forest), grass, 

shrub/scrub, buildings, paved areas, and water. Height classification was executed to enhance 

classification accuracy based on specific thresholds: buildings and trees exceeding 2 meters 

(approximately 6 feet) in height, shrub/scrub ranging from 1 to 2 meters (approximately 3 to 6 

feet), and grass measuring less than 1 meter (approximately 3 feet) in height (Gilman, 2023; UC 

Santa Barbara, 2023). This improved the identification of surface characteristics, yielding more 

realistic infiltration estimates and Manning’s roughness values (Figure 25). Elevation was obtained 

from a point cloud (lidar dataset), which was obtained from the U.S. Geological Survey (USGS) 

using the National Map download application. This dataset was collected in 2018 and is available 

in .laz format. The study area required four separate tiles for full coverage. Therefore, it was 

necessary to convert it into a .las dataset before incorporating it into our analysis. This dataset was 

chosen because it includes the first return points that allow the software to identify buildings and 

trees. 
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Figure 24 - Comparison between NLCD and GeOBIA land use classifications. 

 

4.2.4. Modeling 

GSSHA modeling of the Boat Launch site was created with high spatial accuracy (i.e., 3-

m calculation cells) aimed to represent infiltration, groundwater (GW) level fluctuation and 

saturation in a coastal setting. Key model configurations included:  

• The Green-Ampt infiltration method was used, adjusting hydraulic conductivity to 

reflect local land cover. Paved surfaces were assigned lower infiltration rates to 
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replicate urban runoff behavior. Infiltration was modeled using the Green-Ampt 

equation with redistribution, a method recognized as a close approximation to the 

numerical solution of Richards’ Equation (Downer & Ogden, 2006). Table 1 illustrates 

the remaining infiltration parameters used in this study. Hydraulic conductivities were 

reduced following the indices found by (Robinson et al., 2022) for the different land 

cover classes. 

• Surface roughness parameters were assigned based on the resultant land cover 

classifications shown in Figure 25. The authors converted the land use classification to 

a 3-m cell resolution raster to improve software performance. Then, it was uploaded to 

the project and converted into a land use grid, which allowed Manning’s n values to be 

set for each land cover classification.  

• Groundwater-surface water interactions were also included, accounting for additional 

parameters such as aquifer depth, initial water table elevations, hydraulic conductivity, 

and soil porosity. 

• Initial water table elevation is spatially variable, with the levels matching Mobile Bay 

and the Gulf of America to the north and south boundaries, respectively. Higher water 

table elevations are assumed with increased distance from the coast, reaching 1 m 

above the current sea level at the start of the simulation. Furthermore, due to the same 

land use and elevation, GW flows are assumed not to occur through the east and west 

borders of the subcatchment. As a result, GW discharges occur only through the 

northern and southern borders of the model. 

 

4.2.5. Model Setup 

GSSHA enables the dynamic simulation of hydrologic processes, including pre-cipitation, 

overland flow, infiltration, and groundwater flow, which are modeled in this study. First, overland 

flow is solved using the 2D diffusive wave approximation of the shallow water equations (Downer 

& Ogden, 2006). The fluxes in the x and y direc-tions are denoted as p (Eq. 18) and q (Eq. 19), 

respectively. The depth is updated as follows in Equation 20, which allows for lateral water 

movement between cells. 
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Where 𝑑𝑖,𝑗 = water depth in the grid cell (i, j); n = Manning’s roughness coefficient; ∆t = time step; 

Sfx and Sfy = slopes in the x and y directions; ∆x = cell size. Second, infiltration is calculated using 

the Green-Ampt method for each grid cell, as shown in equations 21 and 22. This permits spatial 

variation in infiltration due to differences in soil type and land cover. 

𝑓𝑝 = 𝐾𝑠 (1 +
𝜑𝑓𝜃𝑑

𝐹
)                                                           (21) 

𝐹𝑡+∆𝑡 = 𝐾𝑠∆𝑡 + 𝐹𝑡 + 𝜑𝑓𝜃𝑑 ln (
𝐹𝑡+∆𝑡+𝜑𝑓𝜃𝑑

𝐹𝑡+𝜑𝑓𝜃𝑑
)                                            (22) 

Where fp = infiltration rate; Ks = saturated hydraulic conductivity (referred to in this study as 

infiltration hydraulic conductivity (Kinf)); φf = capillary suction at the wetting front; θd = moisture 

deficit; F = cumulative infiltration (Mein & Larson, 1973). Lastly, groundwater flow simulation 

uses an adapted version of the two-dimensional free surface groundwater problem (Trescott et al., 

1976), but diagonal terms are ignored, and transmissivity is assumed to be the product of saturated 

hydraulic conductivity and saturated depth (saturated surface to aquifer bottom) (Downer & 

Ogden, 2006). Equation 23 illustrates the calculation of groundwater flow. 
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𝜕𝐸𝑤𝑠

𝜕𝑦
) = 𝑆

𝜕𝐸𝑤𝑠

𝜕𝑡
+ 𝑊𝑠(𝑥, 𝑦, 𝑡)                                 (23) 

Where Ews = groundwater table elevation, which is referred to in this study as groundwater level 

(GWL); Kxx and Kyy = saturated hydraulic conductivities on the x and y directions, referred to in 

the next sections as groundwater hydraulic conductivity (KGW) and are assumed to be the same by 

the model; B = depth of saturated soil, which is related to the aquifer bottom depth (Aq. Bot.); S 

= specific yield; Ws = fluxes from infiltration and stream, if present. 

The starting hydraulic conductivity of 17 cm/h was extracted from NRCS soil data (Soil 

Survey Staff, 2022). The porosity for this study area was calculated in three different locations by 

de Oliveira Sousa et al. (2025), with the best approximation being 25%, which was then used in 

all the simulations. For groundwater boundary conditions, the average tidal water level for the 
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simulated periods was 0.25 m, which was applied as a fixed boundary condition on the north and 

south boundaries of the model domain. 

Three key structures were incorporated into the model: an embankment and two culverts, 

representing a double culvert at the model’s outlet. The embankment, located along AL-180 but 

constrained within the model domain, has a top elevation of 2.1 m and slopes of 0.13 toward the 

north and south. The culverts, each 0.61 m in diameter and 25 m in length, were placed at the 

intersection of the channel and the embankment. Overbank flow and backwater effects were 

removed from the channel setting to avoid instabilities, if the drainage area's land cover and 

infiltration characteristics prevent significant overbank flow conveyance. Figure 26 illustrates the 

remaining parameters used for model calibration, which will be presented in the following 

sections. 

 

Figure 25 - Diagram of the parameters used for calibration, including the aquifer bottom level, infiltration 

hydraulic conductivity (Kinf), and groundwater hydraulic conductivity (KGW). 

 

4.2.6. Boundary Conditions 

GSSHA does not allow tidal, time-varying water level boundary conditions for 

groundwater flow calculation. Such time-varying GW boundary conditions exist only for 

interactions between channels and shallow groundwater, as well as water withdrawal from wells. 

Therefore, the north and south boundaries were assumed to have a fixed groundwater level above 

the NAVD88 vertical datum corresponding to the tide elevation at the start of the simulation. This 

is consistent with the stable water level methodology presented by De Oliveira Sousa et al. (2025), 
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where the distance from the tidal body determines the water table elevation. Surface water level 

boundary conditions, on the other hand, can be represented as a fixed or variable level condition. 

4.2.7. Calibration 

The calibration process for infiltration hydraulic conductivity (Kinf) and groundwater flow 

hydraulic conductivity (KGW) was guided by literature values and sensitivity analysis using the 

GSSHA model. The process began with the adjustment of the model’s initial soil moisture, which 

was set at 0.07 (7%), to better reflect the antecedent moisture conditions. This parameter was held 

constant after preliminary testing, and calibration then focused on the conductivities governing 

infiltration and subsurface flow. 

A range of 15 to 45 cm/h was selected for both Kinf and KGW, based on values reported by 

Nimmo & Akstin (1988) for sandy soils. To account for the spatial variability in surface conditions, 

Kinf was scaled by land cover type using the approach described by Robinson et al. (2022), which 

allows infiltration capacity to vary according to vegetation and imperviousness. These adjustments 

influenced the model’s representation of the baseline groundwater level but did not sufficiently 

capture the tidal fluctuations, which in GSSHA are imposed only at the surface boundary 

condition. 

Final calibration was achieved by refining three key physical parameters: 

• The depth of the aquifer bottom, which was varied to control the available saturated 

storage. 

• KGW influences the rate of lateral subsurface flow and recession. 

• Kinf is related to the vertical infiltration from the surface to the saturated zone. 

 

4.3. Results 

 

4.3.1. Calibration results 

The model calibration was finalized by adjusting the physical parameters. The 

configuration with the best performance was the one with the aquifer bottom set at -12 m and 

infiltration and groundwater conductivities of 15 cm/h and 20 cm/h, respectively, accurately 
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representing the observed peaks and recessions in the groundwater level (Figure 27f). This setup 

achieved a Nash-Sutcliffe Efficiency (NSE) of 0.9 and a Root Mean Square Error (RMSE) of 0.05 

m for the calibration event. This occurred because increasing KGW by more than 20 cm/h caused 

the model to respond too quickly to precipitation and recession, resulting in sharper recessions 

after precipitation stopped (Figures 27a and 27c). On the other hand, lowering KGW and Kinf 

caused the model to overestimate GWLs (Figures 27d and 27e). In addition, increasing KGW 

while maintaining the aquifer bottom at -12 m (Figures 27b and 27c) resulted in a more rapid 

recession, which deviated from observed data. Lowering the aquifer bottom without adjusting 

KGW and Kinf may artificially elevate groundwater levels by increasing initial storage (Figures 

27d and 27e). 

 

Figure 26 - Exploratory variation of groundwater saturated soil hydraulic conductivity (KGW), surface 

infiltration K values (Kinf), and the elevation of the aquifer bottom. 

 

Figures 27b and 27f presented better agreement with the observed peaks and recession 

trends, but the configuration in Figure 27f had a better NSE. Furthermore, a "warm-up" period was 

implemented before the first precipitation event to ensure realistic initial conditions for the 

validation scenarios, allowing the initial soil moisture in the model to stabilize. The warm-up 

period consisted of at least 24 hours before the event started. The final parameter values used in 

this study are shown in Table 2. 
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Table 2 - Soil parameters initially extracted from Robinson et al. (2022) and Nimmo & Akstin (1988). 

Values were adjusted during calibration to match observed GWL responses. 

Land Cover Manning’s n 
Hydraulic Conductivity 

(cm/h) 

Trees 0.12 15 

Water 0.025 0.001 

Paved 0.016 1.5 

Shrub 0.1 15 

Barren Land 0.025 15 

Buildings 0.15 1.5 

Grass 0.035 1.5 

 

Calibration was performed using a 10-day period in October 2023 that included multiple 

rainfall events and allowed for sub-daily analysis of groundwater level response and recession. 

Figure 28a shows the time series generated by the model and the observed time series at a well at 

the Boat Launch location. The model produced a very good representation of the GWL variation, 

with only the recession being overestimated. The possible cause for this is the fact that 

evapotranspiration was not simulated, which made the recession only dependent on the calibration 

of KGW. However, because the simulations were implemented for short periods, the effect of not 

simulating evapotranspiration did not considerably impact the results. In addition to the temporal 

calibration, the model was used to evaluate the spatial distribution of pavement saturation. Figures 

28b and 28c display the results of this analysis, mapping the saturation along the 2 km stretch of 

AL-180. Figure 28b shows the most critical Hydraulic Grade Lines (HGL) at two points in time 

during the simulation.  In Figure 28c, saturation is defined as periods when the groundwater table 

is 1 meter or less from the pavement surface. This spatial analysis identifies the highway segments 

that are most vulnerable to long-duration saturation, which poses a greater risk to pavement 

integrity, especially where the segments are located at lower elevations. 
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Figure 27 - Calibration results for a 10-day event. This simulation yielded an RMSE of 0.9. a: GWL time 

series at the location where the monitoring was performed; b: groundwater level along AL-180 during 

peak times; c: saturation along this 2km section of AL-180. 

 

4.3.2. Validation results 

Two other field-observed datasets were used to validate the GSSHA model. A 14-day 

period (April 8th to 22nd, 2023) and a 5-day period (September 3rd to 8th, 2024) were simulated, 

including rainfall events that totaled 135 mm and 74 mm, respectively. In the first case (Figure 
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29a), the model closely follows the observed GWL, including the start of the groundwater rise of 

April 13th, but overestimates the magnitude of the peak GWL. In addition, the tidal sign shown in 

the observed time series is smoothed in the modeled GWL as its influence on the variation of 

shallow groundwater cannot be represented. However, following the precipitation event, the model 

successfully represents the recession trend with a slight overestimation (approximately 0.1 m) after 

April 16th. The NSE for the first validation simulation was 0.83, indicating very good agreement 

between the observed and modeled GWL, with an RMSE of 0.06 m.  

Figure 29b shows the HGL along this section of AL-180. Interestingly, there were two 

moments of concern: the first represented the highest average peak GWL on April 13th, 

immediately after the first rainfall event; the second happened on April 17th, following a small 

precipitation event. The GWL approaches the pavement (0.9 to 0.3 m) between 1,400 and 2,000 

meters, similar to what is shown in Figure 28c for the calibration run. This coincides with the 

location of the drainage channel and a depression zone visible in the elevation profile.  
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Figure 28 - Validation results for a 14-day event. This simulation yielded an RMSE of 0.9. a: GWL time 

series at the location where the monitoring was performed; b: groundwater level along AL-180 during 

peak times. 

 

For the second validation event (Figure 30a), the model accurately captured the 

groundwater response to multiple events that occurred between September 5 and 7, 2024, 

following a warm-up period. The model underpredicted the GWL rise until September 6 and 

overpredicted it after that date, as it began to rise gradually due to subsequent precipitation events. 
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However, the error in both periods is approximately 0.05 m. The NSE for this simulation was 0.58, 

indicating an acceptable agreement with the observed data, while the RMSE was 0.05 m. Figure 

28b displays the GWL profile along the same segment of AL-180. In this instance, the GWL 

remains 1 to 1.5 meters away from the pavement between 1400 and 2000 meters. However, the 

exposure times at the 1 m threshold were reduced to less than 4 hours. 
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Figure 29 - Validation results for a 5-day event. This simulation yielded an RMSE of 0.58. a: GWL time 

series at the location where the monitoring was performed; b: groundwater level along AL-180 during 

peak times. 

 

Decreasing the magnitude of rainfall also resulted in lower groundwater levels. This 

demonstrates the model's ability to reflect variations in rainfall intensity and antecedent conditions 

across events. The saturation exposure is evident on the eastern side of this segment, indicating 

that it is the most sensitive section, where saturation occurs even for small rainfall events. 

However, prolonged high water table conditions only occurred for the calibration and first 
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validation event, indicating a precipitation threshold that impacts the pavement. Also, when 

comparing the calibration and the first validation run, which have almost the same precipitation 

volume, the results suggest that pavement exposure is influenced not only by total rainfall but also 

by rainfall distribution over time. 

 

4.3.3. Extreme Event Modeling 

Figure 31 illustrates the spatial distribution of pavement surface saturation following 

Hurricane Sally in September 2020. The storm recorded a total precipitation of 555 mm and made 

landfall at Fort Morgan Peninsula before moving inland. Figure 31a depicts the 

rainfall/groundwater head relationship at our monitoring location. Figure 31b illustrates saturation 

along the entire segment during the most critical moments in terms of groundwater. Conversely, 

Figure 31c presents a detailed view of a 2 km segment of AL-180, focusing on the duration during 

which sections were saturated at a depth of less than 0.3 m from the pavement surface. Regarding 

pavement saturation, the results indicate an inland gradient, with longer saturation times observed 

as the road extends further from the coast. Over two-thirds of this section of the road remains 

saturated for more than 6 hours, with a significant portion of the analyzed segment experiencing 

saturation for over 12 to 24 hours, and in some areas exceeding 48 hours, as illustrated by the red 

and orange segments. Finally, Figure 31c shows the variation in groundwater level (GWL) from 

the simulation’s start to the most critical GWL during the event along this road segment. According 

to the model results, the groundwater lens varied up to 4 m depending on the location, reaching 

pavement surface level. 
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Figure 30 - GWL results from the simulation of the same area for Hurricane Sally, which happened in 

September 2020, with 555 mm of rainfall. a: rainfall/groundwater head relationship at our monitoring 

location; b: saturation along the whole segment. c: detailed view of the segment with the duration during 

which sections were saturated at less than 0.3 m from the pavement surface. 

 

Some areas near the pavement also showed signs of flooding, mainly where the road shifted 

farther from Mobile Bay, similar to where prolonged saturation occurred (Figure 32a). According 

to the model results, flooding can vary from 0.3 to 1.0 m near the pavement in these two areas. In 

addition to the flooding, the groundwater level (GWL) took a long time to recede after the event. 

Therefore, the GWL may remain close to the pavement for extended periods, as observed between 

September 15th and 18th in Figure 32b. In the 100 m section, the GWL reaches the surface, which 

may lead to flooding and pressure from below. Conversely, the 1800 m section shows near 
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pavement saturation without flooding from below, and the surface flooding depicted in the figure 

is adjacent to the pavement. 

 

Figure 31 - Flooding and GWL results from the simulation of the same area for Hurricane Sally, which 

happened in September 2020, with 555 mm of rainfall. 

 

4.4. Large Scale Model 

The large-scale GSSHA model was developed with topographic preprocessing performed 

using the Topographic Parameterization (TOPAZ) algorithm (Garbrecht & Martz, 1997) to 

calculate flow directions and accumulations. To optimize computational performance, the Digital 

Elevation Model (DEM) was trimmed to the combined extent of the two census tracts comprising 

the study area, with an added 100-meter buffer toward Mobile Bay (MB) and the Gulf of Mexico 

(GM). Soil and land cover data were converted into model coverages within WMS, allowing the 

creation of lookup tables to assign infiltration and roughness parameters across the watershed. 

Then, a 30-meter grid resolution was used, and flood depths were referenced to the NAVD88 

vertical datum, consistent with the elevation dataset. Given the scale and topography of the 

peninsula, no well-defined channels were present, so channel routing was disabled. Instead, the 

model focused on simulating surface runoff, infiltration, and groundwater interactions. In addition, 



82 

 

Surface roughness was assigned based on land cover classifications from the National Land Cover 

Database (NLCD), with Manning’s n values selected from the HEC-RAS 2D User’s Manual 

(Brunner, 2021). Infiltration was computed using the Green-Ampt method with redistribution, 

which is a reliable approximation of Richards’ Equation for variably saturated flow (Ogden & 

Saghafian, 1997). 

To represent subsurface processes, groundwater-surface water interactions were 

incorporated into the model. This required additional inputs such as aquifer bottom elevation, 

initial groundwater table, saturated hydraulic conductivity, and soil porosity. The simulation time 

step was set to 10 seconds to prevent numerical instability and to ensure smooth representation of 

rapid hydrologic responses. Lastly, the study area was subjected to a 2-year, 24-hour storm event 

totaling 152 mm of rainfall, which followed a Type III temporal distribution curve, as specified 

for coastal areas in Technical Release 55 (TR-55) by the Soil Conservation Service (SCS, 1986).  

 

4.4.1. Results 

Regarding the Peninsula model, a detailed analysis of both the western and eastern sections 

of the study area revealed localized flooding patterns consistent with field observations (Figure 

22). On the west, standing water observed during field visits matched model predictions, validating 

the accuracy of the flood simulations. The eastern side displayed increased flooding close to and 

over the roadway, posing potential risks for evacuation routes and emergency access. These 

insights emphasize the importance of considering localized hydrological behavior in infrastructure 

planning for flood-prone areas. 
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Figure 32 - Flood depths in meters found by the peninsula model. 

 

Including groundwater interactions resulted in a reduced flood extent compared to simpler 

models that considered only surface runoff and infiltration (Sousa & Vasconcelos, 2024). The 

inclusion of subsurface flow processes contributed to this decrease, as water was allowed to 

percolate and distribute below the surface. Additionally, the model exhibited a lower mass 
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conservation error, confirming its enhanced capacity to replicate complex hydrological conditions 

along the roadway, which is crucial for improving flood resilience and informing targeted 

mitigation strategies. 

 

4.5. Discussion 

Hydrologic modeling in coastal environments presents unique challenges due to 

interactions between precipitation, infiltration, and tidal variations. While the GSSHA model 

provides robust capabilities for simulating surface and shallow groundwater processes, its 

performance has proven variable depending on the model configuration. Studies have indicated 

difficulty in calibrating GSSHA for sandy soils or in situations with limited hydrologic data. 

Because of its 2D formulation, GSSHA may better replicate groundwater dynamics than SWMM; 

however, replicating hydrographs remains challenging when groundwater contributions are 

dominant (Moore et al., 2017). Additionally, their study lacked external forcing such as tidal 

variation. Other research has demonstrated that GSSHA model calibration can be effective, but is 

highly sensitive to parameters, including roughness, storage depth, and rainfall depth distribution 

(Chin-talapudi et al., 2014; Weston et al., 2015). 

In earlier studies at AL-180, simulations used synthetic storms and assumed a dry initial 

moisture condition (Sousa & Vasconcelos, 2024). Despite the high volumes of rainfall (152-228 

mm in 24 hours), significant infiltration occurred, with limited overland flow and no flooding in 

some areas where flooding had previously been observed. This may be attributed to the area’s 

sandy soils and the lack of groundwater representation in the model, which limits infiltration. In 

addition, our study illustrates how significantly the initial water table and groundwater boundary 

conditions may influence GWL model predictions and need to be calibrated as much as other 

parameters. 

In this study, the model shows a satisfactory agreement with the observed GWL in both 

validation periods, capturing the general sub-daily trends and magnitudes of the response to 

precipitation and subsequent recession. This confirms GSSHA’s capabilities to represent the 

responses to high-intensity rainfall. The lower NSE for our second validation suggests limitations 

in representing smaller rainfall events. The pavement saturation analysis revealed that less intense 

events do not pose a threat. In addition, a sequence of rainfall events in the calibration 
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demonstrated that antecedent moisture is critical in determining how long the pavement remains 

saturated. Lower elevations, on the other hand, may define where the pavement is vulnerable 

during less intense precipitation events. 

Tidal interactions with groundwater are also critical in coastal hydrological simulations but 

are not easily applied. Our GSSHA model represented sea level as a fixed boundary along Mobile 

Bay and the Gulf of Mexico. This approach aligns with (Karamouz et al., 2017), which coupled 

GSSHA with coastal inundation models to simulate storm surge dynamics. However, similar to 

what was shown in our study, other authors recognize GSSHA’s limitation in terms of representing 

dynamic tidal boundaries linked to astronomical cycles or storm surges (Fattahi et al., 2023; 

Wijayarathne & Gomezdelcampo, 2019). This constraint may limit the simulation of real 

compound events, including extreme storm surges combined with higher initial water tables and 

precipitation. GSSHA response is highly influenced by grid resolution and Green-Ampt 

parameters (Fattahi et al., 2023). In their case, they also reduced cell size and increased stream 

network, which affected predictions up to 57%. In our case, on the other hand, the saturated 

hydraulic conductivities for both infiltration and groundwater flows were calibrated, in addition to 

the aquifer bottom, which greatly influenced the magnitude of the GWL values.  

The extreme event simulation indicated that the pavement in the study area may remain 

saturated for several days. Prolonged saturation may increase pavement susceptibility to rutting, 

shear deformation, and premature failure under loading (Chen & Wang, 2023a; Titus-Glover et 

al., 2019). Additionally, flooding in locations adjacent to the pavement may result from poor 

drainage, leading to shoulder erosion and moisture accumulation in the pavement's structural 

layers. Therefore, making it available for traffic before the GWL drains after an event such as 

Hurricane Sally could compromise the pavement’s structural reliability. There may be a need to 

delay the reopening of this segment of AL-180 after extreme events. The short saturation duration 

as AL-180 approaches Mobile Bay may be related to faster drainage conditions, indicating that the 

segment closer to the bay may be more vulnerable to storm surges than to higher water tables. 

These results suggest that surface runoff alone underrepresents the risks posed by flooding 

and high water tables at AL-180. However, validation demonstrated that the GSSHA model, as 

presented here, is suitable for detecting high groundwater levels near roadways, especially after 

intense precipitation events. Simulations predicting future rainfall, storms, and sea level 
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conditions, including groundwater dynamics, are crucial for assessing elevated water table-

induced saturation, particularly for low-lying infrastructure. While this study captured the 

dynamics of GWL changes and surface flooding, it does not explicitly address the potential impact 

of storm surges on infiltration processes because tidal variation cannot be represented in the 

groundwater simulation in GSSHA. Therefore, storm surge should be included in future studies to 

enhance coastal vulnerability assessment, as it can increase water table elevations. 

To support application in other settings, the following generalized steps are recommended: 

• Characterize soil and land cover using soil data or site-specific information; scale Kinf 

values by land cover following empirical methods (e.g., Robinson et al., 2022).  

• Set initial soil moisture based on typical values for the soil type, adjusting only if 

supported by local data.  

• Use observed groundwater level (GWL) data to calibrate both response to precipitation 

and recession trends after rainfall and tidal events.  

• Perform sensitivity analysis on Kinf and KGW within a realistic range, adjusting in small 

increments (e.g., 5 cm/h).  

• Test aquifer bottom depth to control the saturated soil column size.  

• Evaluate model performance using metrics like Nash-Sutcliffe Efficiency (NSE), Root 

Mean Square Error (RMSE), and Percent Bias (PBIAS) to evaluate model accuracy.  

• Document all assumptions. 

 

4.6. Conclusions 

This study utilized GSSHA hydrologic modeling to evaluate groundwater level dynamics 

along a vulnerable section of AL-180 in Fort Morgan Peninsula, Alabama. The results indicated 

that GSSHA, when accurately calibrated, can depict the interactions between precipitation and 

shallow groundwater in sandy, low-lying coastal environments. The model effectively captured 

the timing and magnitude of groundwater peaks during validation and revealed extended periods 

of saturation following extreme events, such as Hurricane Sally. These findings emphasize that 

surface runoff alone fails to adequately capture the full complexity of hydrologic risks for coastal 

roads. 
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 By incorporating groundwater processes, the simulations identified critical segments of 

the road that may remain saturated for hours or days, potentially compromising the pavement's 

structural integrity if it is open to traffic immediately after the event ends. These results suggest 

that transportation agencies should consider delaying the reopening of roads such as AL-180 until 

groundwater levels have receded to prevent long-term damage. Additionally, locations closer to 

the bay may require special attention for storm surge vulnerability, while inland segments are more 

sensitive to groundwater-induced saturation. 

The modeling framework is replicable for similar coastal corridors characterized by sandy 

soils, high water tables, and proximity to tidal bodies. Other DOTs can adopt this method to 

prioritize infrastructure investments and establish road closure thresholds by accessing basic 

elevation, land cover, rainfall, and tide data. Although the modeling approach addressed significant 

challenges such as high infiltration rates and shallow aquifers, limitations persist in representing 

tidal fluctuations within the groundwater component. Future studies should investigate coupling 

GSSHA with models that enable dynamic tidal boundary conditions or integrating manual tide-

based corrections. 

By shifting from an empirical analysis to a physically based, local-scale model, this chapter 

closes the methodological loop initiated in Chapter 2. Together, the two approaches offer a scalable 

framework for evaluating coastal road vulnerability—from road segment vulnerability screening 

to localized design. The concluding section synthesizes these results and proposes how both 

methods can be adapted into practical guidelines for federal and regional agencies involved in 

coastal infrastructure planning and design. 

 

4.7. Data Availability 

The original models used to generate the results presented in the study are openly available at 

https://github.com/bjs0091/GSSHA-coastal-model. 
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Chapter 5. Summary and Conclusions 

 

5.1. Summary of the study 

The importance of representing the interactions between coastal groundwater levels 

(GWL) and infrastructure is highlighted by rapid population growth, aging infrastructure, and 

increased hydrological stressors created by climate change and sea level rise. The dynamics of 

GWL are very complex due to the wide range of physical processes and the time/spatial scale at 

which these occur, which thus necessitate research efforts. In particular, this dissertation focused 

on how GWL could be represented in assessing the potential impacts of saturation on coastal 

roadways. 

Groundwater evaluations in coastal settings have traditionally relied on numerical models 

like MODFLOW (Langevin et al., 2017). These approaches, while effective in certain contexts, 

are limited in low-elevation, tidally influenced regions due to their coarser time scales, which do 

not capture rapid fluctuations. This dissertation addresses this gap by creating a simplified, data-

driven groundwater predictor and by establishing a framework for using distributed hydrologic 

modeling in this context. The models were calibrated and validated using field observations from 

Fort Morgan Peninsula in Alabama. The study captured spatial and temporal dynamics at event 

and long-term time scales to investigate groundwater level interaction with the pavement. Each 

modeling approach addressed specific limitations in current methodologies and, together, 

contributed to increasing the understanding of the hydrologic stressors affecting coastal 

infrastructure. 

 

5.2. General Conclusions 

The empirical component introduced a simplified GWL predictor that can represent sub-

daily groundwater fluctuations using precipitation, tidal levels, and spatial variables such as 

elevation and distance to large water bodies. Validated with field data collected in collaboration 

with the Alabama DOT, the model achieved satisfactory performance (NSE = 0.56–0.73; RMSE 

≤ 0.09 m) and was extended to longer segments of AL-180 with 100-meter resolution. This spatial 

implementation enabled the detection of segments which most exposed to shallow GWL, 
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supporting prioritization for maintenance and adaptation. Additionally, the application of 

spatiotemporal analyses, including exceedance curves and emerging hotspot detection, revealed 

areas with persistent or increasing exposure, particularly between kilometers 5 and 6 and 14 and 

18. The proposed GWL predictor offers a simplified yet effective approach to estimate shallow 

water table behavior in coastal areas. It allows for sub-daily time resolution assessment using only 

tidal data, rainfall, and distance from the major water body, making it a viable tool for planners 

and engineers with limited resources. However, the model is currently applicable for sandy soils 

with conductivities ranging from 15 to 35 cm/h and may require recalibration in different 

physiographic contexts. This happens because it may change depending on soil characteristics, 

such as saturated hydraulic conductivity, porosity, and land cover, which include water detention 

or wetlands, which may influence local water levels. 

The GSSHA-based simulations provided detailed insight into surface and subsurface 

interactions under varying rainfall conditions and an extreme event (Hurricane Sally). When 

properly calibrated, the model successfully reproduced observed groundwater responses (NSE = 

0.58–0.90; RMSE ≤ 0.06 m), allowing for the identification of vulnerable segments prone to 

prolonged saturation. The results indicated that both the magnitude and timing of rainfall may 

influence the duration of saturation, and that pavement exposure often extends to after the end of 

storm events. Furthermore, the model findings indicate that groundwater representation is crucial 

for explaining observed flooding and road degradation, particularly in areas with high water tables. 

These results demonstrate how sub-surface parameters in GSSHA can be modified to simulate 

near-surface saturation to offer actionable insights for transportation departments and 

infrastructure managers. Nevertheless, GSSHA has high data and computational demands, and the 

calibration and validation process remain time-consuming. 

Together, the models demonstrated that coastal pavement vulnerability is susceptible to 

hydrologic conditions such as soil hydraulic conductivity and depth of the low-permeability layer, 

with compounded risks arising from the interaction of rainfall, tides, and sea level rise (SLR). 

Nevertheless, more tests would be needed to apply the methodology for different soil types as this 

finding may not be true for clay or silt soils, for example. Projections using IPCC scenarios indicate 

that, under high-emissions pathways (SSP5-8.5), the subgrade may experience saturation more 

than 90% of the time in the future, compromising long-term performance and serviceability of 

infrastructure assets. 
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This work contributes to ongoing efforts in infrastructure resilience by: 

• Proposing a transferable modeling framework that offers sub-daily groundwater 

level predictions for coastal corridors with limited monitoring capacity. 

• Highlighting the importance of shallow groundwater as a critical driver of 

pavement degradation. 

• Creating a framework to apply distributed hydrologic models to low-lying coastal 

areas. 

• Demonstrating the value of integrating spatial tools (e.g., GIS, GeOBIA, and 

Space-Time Cube) into hydrologic modeling result analysis and infrastructure risk 

assessment. 

The two methodologies developed in this dissertation offer complementary tools for 

agencies such as the Federal Highway Administration (FHWA) and the National Oceanic and 

Atmospheric Administration (NOAA) to assess and manage coastal road vulnerability. The 

empirical framework described in Chapters 2 and 3 is well suited for preliminary assessments, 

helping planners identify high-risk segments where strategic decisions, such as road relocation, 

elevation, or project prioritization, must be made. In contrast, the physically based modeling 

approach in Chapter 4 supports detailed design and engineering applications at smaller spatial 

scales, enabling simulation of hydrologic conditions over days to weeks. Together, these methods 

can guide a tiered decision-making process, from early planning to final design, for coastal 

resilience in transportation infrastructure. 

 

5.3. Limitations and Future Studies 

In addressing these challenges, this dissertation also raises new research questions. First, 

how does the empirical predictor perform under different climatic regimes, coastal morphologies, 

or levels of urbanization? Second, what would the impact of Nature and Nature-based Features on 

shallow groundwater responses be? Future research should focus on (1) validating the model in 

other coastal corridors; (2) integrating evapotranspiration, soil characteristics, and NNBFs into the 

empirical predictors. These are crucial to support robust planning under increasing climate 

variability and sea-level rise. 
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