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A B S T R A C T

Coastal aquifers face compound pressures from shifting meteorological patterns and sea-level rise (SLR), posing a 
direct threat to groundwater resources. We estimate future climate-driven recharge by forcing SWAT with 
downscaled, bias-corrected CMIP6 climate projections from four General Circulation Models (MIROC6, BCC- 
CSM2-MR, CanESM5, and MRI-ESM2-0) under SSP2-4.5 and SSP5-8.5. These recharge rates, in addition to 
local SLR, are input into SEAWAT, a variable-density groundwater 昀氀ow and solute-transport model. Simulations 
then project changes in the coastal aquifer system over the Eastern Shore of Virginia (ESVA), quantifying 
groundwater availability and salinity risk from 2023 to 2080. Our 昀椀ndings are: (1) by 2080, the driest scenario 
(BCC-CSM2-MR; SSP2-4.5) reduces inland sur昀椀cial groundwater heads by more than one meter and decreases 
freshwater volume by approximately 100 million m3 (−2.5%), an amount equivalent to 4.8 yrs of the current 
total water demand on ESVA. (2) The wettest scenario (CanESM5; SSP2-4.5) increases groundwater heads up to 
1.9 m and expands freshwater volume by +2.7%, corresponding to 17 yrs of residential water supply. (3) While 
the equal-weight ensemble median head change remains small (|median Δh| ≲ 5 cm), the inter-model variability 
in freshwater storage, measured by the interquartile range (IQR), increases from ~25 MCM in 2030 to ~46 MCM 
in 2060, indicating growing uncertainty. (4) Groundwater head variation peaks along the central upland ridge 
(>2 m) but drops below 0.25 m on barrier islands, where sea-level rise dominates. (5) High-emission scenarios 
show greater groundwater variability before 2060 but converge afterward, while intermediate scenarios show 
the opposite trend. These 昀椀ndings indicate the need for developing adaptive, climate-resilient groundwater 
management strategies to enhance water security and mitigate saltwater intrusion.

Abbreviations: CMIP-x, Coupled Model Intercomparison Project, phase x (e.g., CMIP-5, CMIP-6); ΔP/ΔT, Change in precipitation/temperature extracted from a 
GCM; ET, Evapotranspiration; GCM, General Circulation Models or sometimes Global Climate Models; GHG, Greenhouse Gas; CGCM1, Canadian Global Coupled 
Climate Model, version 1; SRES, IPCC’s Special Report on Emissions Scenarios; GW, Groundwater; GHB, General-Head Boundary in MODFLOW/SEAWAT; GHM, 
Global Hydrological Model; GPM, Global Precipitation Measurement; HELP, Hydrological Evaluation of Land昀椀ll Performance code (water-balance module); IMERG, 
Integrated Multi-satellitE Retrievals for GPM, a NASA Satellite rainfall product; MODFLOW, USGS MODular Finite-Difference Ground-Water-FLOW model; MOD-
PATH, Particle-tracking post-processor for MODFLOW; RCP x.y, Representative Concentration Pathway with radiative forcing x.y W m−2 in 2100 (CMIP-5); RCM, 
Regional Climate Model (e.g., EURO-CORDEX); SEAWAT, USGS code that couples MODFLOW (昀氀ow) & MT3DMS (transport) for variable-density simulations; SLR, 
Sea-Level Rise; SP/SSP, Shared Socio-economic Pathway (CMIP-6 forcing storyline, e.g., SSP2-4.5); SUTRA, USGS Saturated–Unsaturated TRAnsport model; SVR/ 
SVM, Support-Vector Regression/Machine-Learning Support Vector Machine; SWAT, Soil and Water Assessment Tool (land-surface hydrology model); SWI, Seawater 
Intrusion; TDS, Total Dissolved Solids.
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1. Introduction

Climate change and its variability are reshaping coastal groundwater 
systems worldwide (Richardson et al. 2024). The impact of climate 
variability on groundwater resources is a growing concern, as shifts in 
temperature, precipitation patterns, and extreme weather events in昀氀u-
ence groundwater availability and recharge (Daoetal.,2024; Davama-
nietal.,2024; Marshalletal.,2025;Richardsonetal.,2024). These changes 
can signi昀椀cantly affect aquifer storage and sustainability. Altered 
recharge rates may exacerbate groundwater depletion and undermine 
long-term water security and resilience (Asokaetal.,2017; de Graaf et al., 
2017; Russo and Lall, 2017; Sivarajanetal.,2019; van der Knaap et al., 
2015; van Engelenburgetal.,2017).

Coastal aquifers are especially vulnerable to climate-induced stress 
due to their distinct hydrogeology and exposure to marine and atmo-
spheric in昀氀uences, leading to risks like sea-level rise, groundwater 
depletion, and saltwater intrusion (Polemio 2016; Vespasiano et al. 
2019; Herrera-García et al. 2021; Cian昀氀one et al. 2022). In these re-
gions, rising sea levels, changing precipitation regimes, and more 
frequent extreme weather events may not only reduce freshwater 
availability (Tran et al. 2023; Vu et al. 2024; Saeedi et al. 2022) but also 
heighten the risk of saltwater intrusion (Tapas et al. 2024; Ketabchi et al. 
2016), complicating groundwater management and planning. This is 
especially concerning in low-lying coastal areas, where groundwater is 
often the primary freshwater source (Hesamfaretal.,2023a,b, Tran et al. 
2024a). Ensuring the sustainability of these coastal aquifer systems is 
essential for maintaining long-term regional water security 
(IGRAC,2024).

Approximately 70% of the world’s coastlines are topography- 
limited, where low-relief topography keeps the water table near the 
land surface (Michael et al., 2013). In these systems, the water table 
cannot rise much with sea-level rise, reducing the land-to-sea hydraulic 
gradient and fresh groundwater 昀氀ow, and making them more vulnerable 
to seawater intrusion (Werner and Simmons, 2009; Chang et al., 2011; 
Werner et al., 2012). Virginia’s Eastern Shore (ESVA), a narrow, low- 
lying peninsula between the Atlantic Ocean and Chesapeake Bay, ex-
empli昀椀es these challenges. The region relies exclusively on a multilay-
ered aquifer system designated as a sole-source aquifer by the U.S. EPA 
(EPA 2025), supplying all domestic, agricultural, industrial, and 
ecological needs (VADEQ, 2024). However, SLR and climate variability 
pose serious threats to the system’s reliability (Andrewsetal.,2019). 
Despite this, limited studies have investigated climate impacts on these 
multi-layer groundwater dynamics, with most research focused on sur-
face waters and ecosystem health (Chesapeake Bay Foundation 2018; U. 
S. Fish & Wildlife Service 2018). There are limited previous regional 
investigations into groundwater–surface water interactions on the ESVA 
(Nowroozietal.,1999; Sanford and Pope, 2010, 2007), and none have 
included future changes in both recharge and SLR.

Numerical modeling is a widely adopted tool for assessing the im-
pacts of climate change on coastal aquifers, which are vulnerable to 
salinization. However, many studies such as (Akhtar et al., 2022; Chun 
et al., 2018; EL Hamidi et al., 2021; Hagagg, 2018; Sherif and Singh, 
1999; Sithara et al., 2020), have primarily focused on the direct impacts, 
such as sea-level rise, while overlooking important indirect factors such 
as recharge variability, evapotranspiration, river stage 昀氀uctuations, and 
changing water demand. Although the importance of these complexities 
is increasingly recognized, existing modeling efforts remain fragmented. 
Some studies assess recharge in isolation without simulating ground-
water system responses (Barnard et al. 2025); others apply coupled 
models based on a single climate scenario while neglecting SLR (Scibek 
et al. 2007); and many rely on steady-state assumptions that fail to 
capture transient hydrological processes (Scibek and Allen 2006). For 
example, Barnard et al. (2025) projected shallow water-table rise in the 
southeastern United States using a 昀椀xed-recharge, steady-state model 
that excluded both salinity and recharge variability, whereas Ashofteh 
et al. (2025) linked climate projections to groundwater levels without 

accounting for marine boundaries or density-driven 昀氀ow.
In contrast, (Aladejana et al. 2020; Han and Currell 2022; Lam et al. 

2021; Oude Essink et al. 2010; Rahimi et al. 2020; Ranjan et al. 2006; 
Tam et al. 2016) studies have employed more comprehensive modeling 
approaches integrating multiple stressors such as land use change, sur-
face–groundwater interactions, and transient recharge, which provide 
more robust and realistic projections of groundwater dynamics and 
salinization under future climate scenarios. In fact, in some locations, 
reductions in recharge were found to have a greater in昀氀uence on salt-
water intrusion than SLR itself (Payne 2010). Additional studies have 
emphasized the in昀氀uence of human and environmental factors, such as 
shifting irrigation demands (Zhou et al. 2010), and the presence of 
drainage systems (Vandenbohede and Lebbe 2010), in shaping aquifer 
responses to climate change.

While integrating all major climate stressors is essential for reliable 
groundwater level and freshwater-storage projections, many existing 
models rely on simpli昀椀ed 2D frameworks that cannot fully capture the 
spatial and temporal dynamics of complex coastal aquifer systems 
(Tiwari et al. 2024). Addressing this, Tiwari et al. (2024) recently 
developed a 3D variable-density SEAWAT model for the Metaponto 
aquifer in Italy, incorporating historical and projected conditions, 
salinity transport, and irrigation demand using a GIS-based inverse 
water balance approach. However, their study focuses on a relatively 
small (~42 km2), single uncon昀椀ned aquifer and estimates recharge 
using simpli昀椀ed methods based on precipitation, evapotranspiration, 
and in昀椀ltration coef昀椀cients. Additionally, the climate inputs are based 
on earlier-generation projections (CMIP3/CMIP5) and literature- 
derived rainfall decline estimates. Table 1 summarizes the principal 
modelling approaches, climate forcings, and knowledge gaps identi昀椀ed 
in prior studies relative to the methods applied in this work.

This research extends the regional groundwater modeling frame-
work developed by Sanford et al. (2009), which represents the hetero-
geneous hydrostratigraphy and spatial variability of groundwater 
pumping across the peninsula. While routinely updated by the Virginia 
Department of Environmental Quality (VADEQ, 2024), the existing 
model relies on 昀椀xed recharge rates and does not account for projected 
climate or sea-level changes.

To overcome these limitations, the model was enhanced by inte-
grating transient recharge estimates derived from bias-corrected, 
downscaled CMIP6 GCMs (Thrasher et al., 2022; NEX-GDDP-CMIP6, 
2025) through SWAT simulations under both emission scenarios (Tran 
and Lakshmi 2024). This study presents an open-loop, multi-model 
scenario ensemble. Sea-level rise projections were incorporated as a 
time-varying General Head Boundary (GHB) condition based on trends 
in NOAA tides and currents data (NOAA,2024). Simulations were per-
formed with SEAWAT’s coupled variable-density 昀氀ow and solute 
transport, in which groundwater density varies with simulated chloride 
concentration; reported heads are equivalent freshwater heads. The 
associated density-driven pressure differences are handled internally by 
SEAWAT through the Variable-Density Flow (VDF) package. This 
con昀椀guration enables evaluation of dynamic hydrologic responses and 
density-dependent salinization under combined recharge and sea-level 
forcing.

This study aims to develop an improved transient modeling frame-
work that integrates climate-driven recharge variability to realistically 
evaluate groundwater levels and salinity responses under future climate 
scenarios. By integrating high-resolution climate projections with land 
surface hydrologic modeling and variable-density groundwater 昀氀ow and 
solute-transport simulations, this approach advances prior efforts, 
enhancing the capacity to assess future coastal groundwater conditions. 
The methodology offers broad applicability to other climate-sensitive 
coastal aquifers confronting similar challenges.
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Table 1 
Comparative review of related groundwater–climate studies and the present ESVA analysis.

Reference/model chain Study setting Density- 
dependent 
昀氀ow?

SLR*
represented?

How SLR is 
imposed

Coastal 
surface 
processes  

Climate forcing No. of 
GCMs*

CMIP*
generation 
& scenarios

Ground-water 
time-step/stress 
periods

Temporal 
resolution of 
recharge & SLR 
signal

Distinctive 
elements 
claimed by 
authors

Principal gaps

(Michael et al. 2013) 2D 
SUTRA model

Global coastline 
typology 
(vulnerability 
study)

✕ ✓ Analytical 2-D 
sharp-interface; 
sea head raise

✕ None 
(parametric)

— — Steady-state N/A Global 昀椀rst-order 
typology, 
classi昀椀es coasts 
as topography- 
vs recharge- 
limited

No GCMs, Not 
site-speci昀椀c, no 
transient 
hydrology

(Scibek et al. 2007; Scibek and 
Allen 2006) 
HELP* + MODFLOW

Interior valley 
aquifer, British 
Columbia, 
Canada

✕ ✕ (inland 
site)

— — 1 CGCM1*
(CMIP-2), ΔP & 
ΔT *

1 SRES* A2/ 
B2

Monthly Monthly recharge 
only

Climate impacts 
via recharge and 
river 昀氀ows to GW
*

no SLR*, no 
density, 
outdated 
climate model

(Sithara et al. 2020) SEAWAT Alluvial strip, 
Kerala coastal 
strip, India

✓ ✓ SEAWAT 
constant-head 
cells (GHB*) 
raised

✕ CMIP-5 RCP4.5/ 
8.5* (GCM 
ensemble via 
SVM*)

1 −
statistical

CMIP-5 Monthly One-time SLR rise Machine- 
learning (SVM) 
sea-level forecast

Single GCM 
equivalent; no 
land recharge 
coupling; 
steady-state

(Yang et al. 2023) 
SWAT–MODFLOW–SEAWAT

Yellow River 
Delta, Deltaic 
coast, China

✓ ✕ — ✕ 6 CMIP-6 GCMs, 
SSP1-2.6 & 
5–8.5 (precip. 
only)

6 CMIP-6 Daily SWAT, 
monthly 
MODFLOW

Monthly recharge First fully uni昀椀ed 
SWAT- 
MODFLOW- 
SEAWAT tool; 
bias-corrected 
GCMs

No sea-level 
boundary 
change; no 
density coupled 
to SLR

(Tiwari et al. 2024) 
MODFLOW-SEAWAT

Mediterranean 
coastal plain 
(Metaponto 
Plain, Italy)

✓ ✓ Transient SLR 
(until 2100) +
salinity rise

✕ EURO-CORDEX 
(non-CMIP) 6 
RCMs*

6 CMIP-5 
RCP4.5/8.5

Decadal Decadal recharge 
& SLR

Decadal socio- 
economic 
abstraction 
scenarios

No land-surface 
hydrology 
model; CMIP-5

(Reinecke et al. 2021)(stand- 
alone recharge)

Global scale 
GHMs*

✕ ✕ — — 8 GHMs* × 4 
CMIP-5 GCMs

4 CMIP-5 
RCPs 
2.6–8.5

Monthly Monthly Global multi- 
model recharge 
ensemble

No site detail, 
no SLR, no 
density

(Barnard et al. 2025– 

MODFLOW-NWT
Regional 
coastline, 
Southeast US

✕ ✓ Intermediate 
scenario from the 
IPCC

✓ (beach 
loss, 
subsidence)

CMIP-6 3 SSP1-2.6 to 
8.5

— N/A Multi-hazard 
layering incl. 
shallow GW rise

Steady-state 
simulations; 
broad scale

(Ashofteh et al. 2025) 
MODFLOW + Bayesian GCM 
blend

Inland basin, 
aquifer in Iran

✕ ✕ — — 5 CMIP-3 GCMs 
+ hybrid

5 SRES A2/B2 Monthly Discrete SLR 
increments 
(0.25–3 m); no 
transient recharge 
coupling

Bayesian 
weighting of 
GCMs for GW 
forecasting

Inland; no SLR, 
no density

(Sathish et al. 2022)FEFLOW 3- 
D

Narrow dune- 
barrier aquifer 
(35 km2, SE 
India)

✓ ✓ GHB + constant 
sea nodes raised 
linearly at 1, 2, 5 
mm yr−1

No PRECIS RCM *
(HadCM3Q0)

1 CMIP-3 
(A1B 
emissions)

Monthly Recharge: 
monthly SLR: 
annual linear head 
rise

Combines 
rainfall ↓, SLR ↑, 
pumping ± 10% 
on an island lens

Single RCM; No 
land-surface 
hydrology 
model; old 
CMIP-3

Our study – ESVA SWAT +
SEAWAT(3D MODFLOW- 
MT3DMS)

Low-lying coastal 
peninsula, USA

✓ ✓ Yearly GHB sea 
stage Increments 
(GHB), applied at 
the beginning of 
every decade

Partially 
(through 
land-fraction 
mask)

4 CMIP-6 GCMs 
(BCC-CSM2-MR, 
CanESM5, 
MIROC6, MRI- 
ESM2-0)

4 CMIP-6, 
SSP2-4.5 & 
5–8.5

Annual stress 
periods from 
2023 to 2080; 
each year 
subdivided into 
4-time steps

Decadal recharge 
& SLR

" Multi-model recharge " couple 
CMIP6-driven SWAT hydrology 
with 3-D variable-density 昀氀ow and 
explicit SLR-impacted GHB " land- 
surface fraction mask usage "
Evaluates two SSPs (8 models + 2 
ensemble means)" Freshwater 
volume variations

* Asterisks denote abbreviations de昀椀ned in the Abbreviations section.
 Such as marsh 昀氀ooding, land loss, subsidence, etc.
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2. Methodology

2.1. Study area

The ESVA study area lies within the Coastal Plain physiographic 
province and encompasses two counties, i.e., Accomack and North-
ampton (Fig. 1). This peninsula spans approximately 113 km in length 
and 16–32 km in width, covering about 1800 square kilometers of land. 
It is bounded by the Atlantic Ocean to the east, Chesapeake Bay to the 
west, and the state of Maryland to the north. ESVA is a low-lying 
peninsula (rarely exceeding 15 m (~50 feet) elevation), underlain by 
a sur昀椀cial uncon昀椀ned aquifer and three con昀椀ned aquifers (see Fig. SF1; 
Supplementary Materials Fig.). The region experiences a humid sub-
tropical climate, characterized by warm, humid summers and relatively 
mild winters. Rainfall is fairly consistent year-round, totaling approxi-
mately 1143 mm annually (Sanford and Pope 2007; Sanford and Pope 
2010). Agriculture, including poultry production and processing, 昀椀sh-
ing, and tourism serve as the primary pillars of the local economy. 
Farmers in the region commonly grow crops such as corn, soybeans, and 
several types of small grains, which are essential to the area's agricul-
tural output (Smith, 2015).

The hydrogeologic setting of ESVA is characterized using lithologic 
and geophysical data analyses, as well as water-quality assessments 
(Fig. SF1 (Supplementary Materials Fig.); Sanford et al. 2009). The 
conceptual framework, originally established by Richardson (1994), 
delineates a sur昀椀cial (uncon昀椀ned) aquifer, three con昀椀ned aquifers (the 
Upper, Middle, and Lower Yorktown-Eastover aquifers), each separated 
by con昀椀ning units, and a basal con昀椀ning unit known as the St. Mary’s 
con昀椀ning unit. For this study, we focus on the sur昀椀cial aquifer for head 
variability, as it is a source of freshwater and is most sensitive to climate- 
driven recharge and sea-level rise. Variations in sur昀椀cial groundwater 
levels also provide a key indicator of vulnerability for near-surface 
infrastructure, including onsite wastewater treatment systems, which 
represent the dominant form of wastewater management in the region. 
The uncon昀椀ned sur昀椀cial aquifer extends across the entire study area, 
with its base ranging from 0 to 30 m below sea level and a thickness 
varying between 0.3 and 24 m. It is primarily composed of yellow sand, 
sandy clay, and minor gravel deposits. Historically, this aquifer has 
provided adequate water for domestic and agricultural use; however, it 

is vulnerable to nitrate contamination from agricultural runoff in upland 
regions. Hydraulic conductivity is estimated to range from 10 to 30 m 
per day based on 昀椀ndings from Sanford et al. (2009). The base of the 
sur昀椀cial aquifer remains fresh because it is underlain by the low- 
permeability Upper Yorktown–Eastover Con昀椀ning Unit, which limits 
vertical 昀氀ow and prevents seawater intrusion from the deeper saline 
units. This aquifer is replenished by rainfall recharge, especially over the 
central upland ridge of the peninsula. Fresh groundwater 昀氀ows laterally 
from this recharge-rich upland toward discharge zones along coastal 
bays and tidal creeks. Because ESVA’s terrain is almost 昀氀at, its fresh 
sur昀椀cial groundwater thickness – and thus its salinity balance – is 
topography-limited. In other words, the water table is shallow, specif-
ically near the coasts, so it cannot rise far above sea level without 
intersecting the land surface. When recharge exceeds the combined ca-
pacity of evapotranspiration and lateral groundwater drainage, the 
system responds through enhanced discharge to wetlands/tidal features, 
return 昀氀ow, and localized surface saturation or ponding, rather than 
through unlimited increases in freshwater thickness. Beneath the sur昀椀-
cial aquifer lies a sequence of con昀椀ned aquifers and con昀椀ning units. 
These aquifers are primarily freshwater, not naturally saline, and the 
con昀椀ning units limit vertical 昀氀ow, controlling both groundwater 
movement and solute transport (see Supplementary Table ST1). The 
upper Yorktown-Eastover con昀椀ning unit, situated directly below the 
sur昀椀cial aquifer, is relatively thick and exhibits low hydraulic conduc-
tivity, effectively restricting vertical water movement. Underlying this 
unit, the upper Yorktown-Eastover aquifer extends to depths of up to 91 
m below sea level, with hydraulic conductivity values ranging from 0.03 
to 23 m per day. Deeper in the stratigraphy, the middle and Lower 
Yorktown-Eastover aquifers, separated by additional con昀椀ning layers, 
exhibit progressively lower hydraulic conductivity, attributable to 
increasing proportions of 昀椀ne-grained sediments. The Lower Yorktown- 
Eastover aquifer reaches depths of approximately 150 m below sea level 
at its deepest point and has the lowest conductivity among the three, 
consistent with its 昀椀ner sediment composition. The basal con昀椀ning 
layer, the St. Marys con昀椀ning unit, forms the lower boundary of the 
groundwater system and is characterized by extremely low hydraulic 
conductivity (~3.048 × 10−6 m per day), effectively limiting ground-
water 昀氀ow beyond this depth (Sanfordetal.,2009). In addition, subsur-
face paleochannels occur where erosional channels had incised the 
Yorktown Formation and been in昀椀lled with Pleistocene-aged marginal- 
marine deposits. The Exmore and Eastville paleochannels are prominent 
features within the study area, with depths exceeding 49 m and 37 m, 
respectively, and estimated sediment 昀椀ll thicknesses of approximately 
30 m and 18 m (Sanfordetal.,2009).

The groundwater-昀氀ow system on the Eastern Shore of Virginia 
(ESVA) is primarily driven by freshwater recharge occurring in the 
central upland areas, where water in昀椀ltrates and moves laterally 
through the sur昀椀cial aquifer system. The estimated natural recharge is 
approximately 0.95 million cubic meters per day (0.83 mm/day) 
(Richardson, 1994). Sanfordetal.(2009) water-budget analysis further 
suggests that roughly 0.12 mm/day of this in昀椀ltration leaks downward 
through con昀椀ning beds to replenish the deeper con昀椀ned York-
town–Eastover aquifers—a 昀氀ux equivalent to ~15% of sur昀椀cial 
recharge. Most groundwater 昀氀ows toward the coastal bays, eventually 
discharging into the Chesapeake Bay or the Atlantic Ocean (Speiran, 
1996). The water table (groundwater table2) exhibits spatial variability, 
with higher elevations in the central upland and lower levels near the 
coast. Groundwater extraction from pumping wells induces cones of 
depression, reducing hydraulic pressure, and increasing the risk of 
saltwater intrusion. However, water levels can recover if pumping is 

Fig. 1. Location and geographic extent of the Eastern Shore of Virginia (ESVA), 
showing Accomack and Northampton counties.

2 We use the term water table—the more common hydrogeologic term—to 
refer speci昀椀cally to the groundwater table (the upper surface of the saturated 
groundwater zone), which is different from surface-water levels as used in 
wetland hydrology.
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reduced or ceased (Sanfordetal.,2009).

2.2. Modeling framework

Fig. 2 shows the modeling framework developed in this study to 
evaluate the impacts of changes in recharge and SLR on groundwater 
dynamics. The modeling approach integrates key inputs, including 
hydrogeological data, climate projections, and spatial datasets such as 
Digital Elevation Model (DEM), land cover, soil types, and aquifer 
properties.

After running 58-year simulation periods (2023–2080), we assessed 
the combined effects of varying recharge rates and one scenario of sea- 
level rise on sur昀椀cial groundwater storage, water-table elevations, and 
SWI in a con昀椀ned layer. The analysis explored both spatial and temporal 
trends in groundwater availability, offering a comprehensive view of 
how these climate-driven factors could in昀氀uence the ESVA’s aquifer 
system in the long term. Groundwater withdrawals were held constant 
at 2023 rates in all simulations to isolate the impacts of climate vari-
ability and sea-level rise; climate-driven changes in demand were 
therefore not modeled. By examining model outputs across multiple 
future scenarios, we were able to identify key patterns and potential 
risks, highlighting the variability in spatial and temporal groundwater 
responses.

2.3. SEAWAT-based groundwater 昀氀ow and transport model: 
con昀椀guration and updates

The ESVA groundwater model was originally developed by Sanfor-
detal. (2009) using SEAWAT2000 (Guo & Langevin, 2002; 

Langevinetal.,2003) to evaluate the effects of future water withdrawals 
on groundwater levels and salinity in the aquifer system. As we modi昀椀ed 
the VADEQ (2024) updated version of Sanford et al. (2009) model for 
our study, this section provides a summary of the original model, its 
framework, and previous updates (Poeter and Hill, 1999). The SEAWAT 
model grid extends beyond the Virginia border into Maryland and in-
cludes offshore zones within both the Chesapeake Bay and Atlantic 
Ocean to capture interactions between freshwater and saline ground-
water systems (Sanfordetal.,2009). The model grid consists of 370 rows, 
102 columns, and 46 vertical layers, with a horizontal cell size of 305 ×
305 m (1,000 ft), following the calibrated regional SEAWAT model of 
Sanford et al. (2009) and the VADEQ (2024) approved calibrated model. 
This regional discretization is intended to resolve peninsula-scale hy-
draulic gradients, coastal discharge, and the density-driven freshwa-
ter–saltwater transition while maintaining computational feasibility. 
Recharge and evapotranspiration are applied at the land surface, coastal 
interactions are represented with general-head boundaries (with 
conductance scaled by fractional water coverage), and withdrawals are 
implemented as spatially distributed, temporally varying pumping 
stresses in the con昀椀ned system. Additional details on discretization, 
land-surface assignment, boundary/initial conditions, and pumping 
representation are provided in the Supplementary Materials (2.3. 
SEAWAT-Based Groundwater Flow and Transport Model: Con昀椀guration 
and Updates; Fig. 3; Tables ST2 and ST3).

Fig. 3 shows the conceptual representation of hydrogeologic units 
and groundwater-昀氀ow processes in Virginia’s Eastern Shore region.

The model showed good agreement (R2 = 0.93) to aquifer water- 
tables, supporting its reliability for long-term simulations (Sanford 
et al., 2009). While the model provides reliable long-term water-level 

Fig. 2. Framework integrating climate projections, hydrogeological data, and spatio-temporal datasets to simulate groundwater responses to recharge variations and 
SLR over 2023–2080.
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predictions, salinity forecasts have been interpreted with caution due to 
greater uncertainty in transport simulations (Sanford et al., 2009). 
Table ST2 summarizes the model con昀椀guration, boundary conditions, 
calibration approach, and key performance metrics. Further details are 
available in Sanford et al. (2009).

In 2010, the Sanford et al. (2009) model was selected by VADEQ as 
the regulatory model for groundwater permitting on the ESVA (VADEQ, 
2024). Additional water withdrawal data and water-table observations 
were added from 2004 to 2015 to facilitate the 昀椀rst major recalibration 
to update the model (VADEQ, 2024). Since that time, annual updates 
have been performed based on incorporating recent observations and 
withdrawals to recalibrate the model, before performing 50-year future 
regulatory simulations. Our analysis uses the VADEQ 2024 updated 
model (VADEQ, 2024), with no additional calibration, to ensure con-
sistency with the of昀椀cially approved groundwater model.

2.4. Formulation of SWAT hydrological model for recharge changes

The Soil and Water Assessment Tool (SWAT) is a process-based, 
semi-distributed hydrologic model developed by the USDA Agricul-
tural Research Service (USDA-ARS) (Arnold et al., 2012). Watersheds 
are partitioned into subbasins and then into Hydrologic Response Units 
(HRUs) de昀椀ned by unique combinations of topography components, 
including DEM, land use/land cover (LULC), soil, and slope. SWAT has 
been widely applied, with example applications including quanti昀椀cation 
of land-use impacts (Saber & Sumi, 2023), assessment of climate-change 
effects (Marshall et al., 2025), and evaluation/validation of remotely 
sensed products (Nguyen et al., 2023; Le et al., 2023; Aryal et al., 2023).

In this study, SWAT is used to project future changes in groundwater 
recharge for 2023–2080 under multiple GCMs and SSP scenarios 
(Section 2.2; Fig. 2). The SWAT model was adopted from Tran and 
Lakshmi (2024), in which QGIS v3.16.9 was used to perform the model 
setup (Dile et al., 2016), with watershed delineation using TauDEM v5.0 
(Tarboton, 2011). However, we found that automatic watershed delin-
eation has uncertainties due to the area’s low relief and small size; many 
small, disconnected streams in ESVA are dif昀椀cult to delineate (see 
Supplementary Fig. SF2). Therefore, the traditional work昀氀ow was 
modi昀椀ed to improve stream extraction across ESVA by testing seven 
DEM products. We found that the 90-m MERIT DEM (Yamazaki et al., 
2019) provided the best stream-network delineation and was adopted in 
this study. We also validated the stream network against HydroRIVERS 
(Lehner & Grill, 2013) and Google Earth imagery to ensure our model’s 
accuracy.

For precipitation, precipitation dataset (i.e., from the National 
Oceanic and Atmospheric Administration (NOAA); https://www.ncei. 
noaa.gov/maps/daily/) was collected; however, we anticipate that 
this might introduce noise and gaps in rainfall data due to tidal in-
昀氀uences, which frequently occur in coastal regions. Indeed, these sta-
tions (i) are located next to the shore, which might be strongly affected 
by coastal in昀氀uences, and (ii) have a limited number of available gauges 
with signi昀椀cant gaps, making them potentially unsuitable for repre-
senting precipitation patterns over the entire watershed. Speci昀椀cally, 
only 3 rainfall stations out of the total 14 (see Table ST6) have suf昀椀cient 
data for quantifying uncertainties in GCMs’ historical precipitation, but 
not for the SWAT simulation period (2001–2020). We then decided to 
use the remotely sensed product – NASA GPM IMERG Final Run V6 – 

Fig. 3. Conceptual representation of hydrogeologic units and groundwater-昀氀ow (adapted from Sanford et al., 2009) along with graphical representation of the 
SEAWAT groundwater model.
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which has been bias-corrected for U.S. conditions (Hou et al., 2014).
For model calibration and validation, USGS gauges (2003–2020) 

data were used at the Pocomoke and Nassawango stations (Fig. 4c). A 
key limitation was the lack of stream昀氀ow observations over ESVA. 
Speci昀椀cally, there is currently no long-term, high-quality stream昀氀ow 
data observed for the ESVA (see Fig. SF3). In the USGS database, the 
three current stations located in the ESVA region measure ocean water 
surface elevation, wind speed, and direction, but not stream昀氀ow. Thus, 
we decided to extend the SWAT model setup to include the state of 
Maryland to obtain stream昀氀ow observation data (2001–2020) from the 
Pocomoke station (USGS-01485000) and the Nassawango station 
(USGS-01485500). We selected the 昀椀rst two years (2001–2002) as the 
warm-up period, followed by a calibration period (2003–2013) and a 
validation period (2014–2020). We conducted 1000 calibration 

iterations with 23 parameters (Supplementary Table ST4) on a daily 
scale using the interactive R-SWAT web application (Nguyen et al., 
2022) and the Sequential Uncertainty Fitting (SUFI-2) algorithm (Khalid 
et al., 2016). The SWAT model performance was evaluated using the 
Kling–Gupta ef昀椀ciency (KGE; (Guptaetal.,2009), Nash–Sutcliffe ef昀椀-
ciency (NSE; Nash & Sutcliffe, 1970), and the coef昀椀cient of determina-
tion (R2; Moriasi et al., 2015). The equations and acceptable ranges for 
these metrics are provided in Supplementary Table ST5.

2.5. Integration of climate-driven recharge projections using bias- 
corrected GCM outputs

The recharge rates are extracted under two greenhouse gas (GHG) 
emission pathways from four GCMs. Speci昀椀cally, our work continues the 

Fig. 4. (a) shows terrain elevation (m, NGVD 29), (b) simulated water-table elevation (water level) in the sur昀椀cial aquifer (m, NGVD 29), (c) illustrates the depth to 
groundwater (m), (d) initial chloride concentration (mg/L).
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work by Tran and Lakshmi (2024) in which they investigated the im-
pacts of hydrological extremes over the entire ESVA using the SWAT 
model (Arnold et al., 2012) and GCMs. The projected inputs for SWAT (i. 
e., precipitation and temperature) were derived from GCMs, which were 
employed from the BCSD (Bias Correction and Spatial Disaggregation) 
method, a trend-preserving statistical downscaling algorithm (Maurer & 
Hidalgo, 2008) and downscaled to 0.25 degrees (~25 km) before use.

The four GCMs used are MIROC6 (Model for Interdisciplinary 
Research on Climate) by JAMSTEC (Japan Agency for Marine-Earth 
Science and Technology), BCC-CSM2-MR (Beijing Climate Center 
Climate System Model V2) by Beijing Climate Center (BCC), China 
Meteorological Administration, CanESM5 (Canadian Earth System 
Model V5) by Canadian Centre for Climate Modelling and Analysis, and 
MRI-ESM2–0 (Meteorological Research Institute Earth System Model 
V2) by Meteorological Research Institute (MRI) of Japan Meteorological 
Agency. These models are selected due to their effectiveness in capturing 
high variability in meteorological conditions, the importance of which 
was also highlighted in previous works, e.g., Parketal.(2023), Nguye-
netal. (2024), Thrasheretal.(2022), and Tran etal. (2024b), with more 
details found in Tran & Lakshmi (2024). Speci昀椀cally, these four models 
exhibit particular strength in simulating stream昀氀ow variations, as 
documented across several validation studies (Chen et al., 2022; Peng 
et al., 2023; Xu et al., 2023). Wang et al. (2021) demonstrated that both 
CanESM5 and BCC-CSM2-MR yield reliable outputs for key hydrological 
variables including precipitation patterns, evapotranspiration rates, and 
soil moisture content. Additionally, Peng et al. (2023) identi昀椀ed 
MIROC6 and MRI-ESM2–0 as exhibiting superior performance in 
modeling temperature and precipitation dynamics compared to alter-
native GCM options.

Following the framework established by Thrasher et al. (2022), for 
scenario analysis, this research employs two GHG emissions pathways: 
an intermediate emission pathway (SSP2–4.5) and a high emission tra-
jectory (SSP5–8.5).

Given the four previously described GCMs and two GHG scenarios, 
the SWAT watershed model was used to determine 8 sets of groundwater 
recharge rates. In total, we analyze 11 recharge forcings: the eight in-
dividual GCM members (4 under SSP2-4.5 +4 under SSP5-8.5), plus 
three composites: (i) the ensemble average recharge for SSP2-4.5, (ii) 
the ensemble average recharge for SSP5-8.5, and (iii) a current baseline 
recharge scenario. For each set, relative changes in groundwater 
recharge rates were estimated by calculating the ratio of future pre-
dicted recharge rates relative to the average recharge during a 10-year 
baseline period (2013–2022) (Fig. SF4). These recharge ratios (future 
recharge relative to 2013–2022 recharge) were calculated for the initial 
seven-year period (2023–2030) and at each subsequent 10-year interval 
(2031–2040, 2041–2050, etc.) through 2080. This method aligns with 
the predictive model’s simulation horizon (2023–2080). To integrate 
these projections into the hydrological modeling framework, values in 
the recharge input 昀椀le of the SEAWAT model were multiplied by the 
recharge ratios at each stress period to re昀氀ect anticipated climate-driven 
variability in recharge.

2.6. Revisions to groundwater model

This study began with the Sanford et al. (2009) model updated for 
the VADEQ to 2022 without repeating the long history of model cali-
bration. This section describes the changes made to incorporate climate 
forcing. The predictive version of the groundwater model was used to 
simulate future conditions over a 58-year period (2023–2080). We 
modi昀椀ed the model to account for projected changes in precipitation 
and temperature by transitioning from a constant to a transient recharge 
framework. Transient recharge forcing was derived from SWAT daily 
simulations (2001–2080) by converting SWAT groundwater-recharge 
outputs into decadal recharge ratios (relative to 2013–2022) and 
applying these as multiplicative updates to the spatially distributed 
MODFLOW recharge 昀椀eld at the start of each decade. Climate 

projections are 昀椀rst translated into spatially distributed recharge 
changes based on soil permeability and land-surface slope, assigning 
higher recharge to well-drained uplands and lower recharge to poorly 
drained coastal or marsh zones. These are then applied as time-varying 
transient stresses in the MODFLOW recharge package by updating the 
recharge 昀椀eld. Spatially variable recharge rates were updated at the 
beginning of every decade to better capture the temporal variability 
driven by climate projections. To represent future SLR on the ESVA, we 
applied a time-varying General-Head Boundary (GHB) condition to 
incorporate projected sea-level changes and salinity. For the ESVA 
coastline, we updated recharge and coastal boundary heads at decadal 
intervals to match the stress-period structure and applied a linear in-
crease rate of 4 mm/year, based on long-term observational data from 
NOAA Tides and Currents Station #8632200 at Kiptopeke, Virginia 
(NOAA, 2024). Historical records from 1951 to 2024 indicate a relative 
sea-level trend of 4.03 ± 0.29 mm/year, corresponding to an estimated 
rise of approximately 0.4 m (1.32 ft) over a 100-year period.

In the model, SLR was incorporated as a time-varying boundary 
condition applied to the coastal boundary cells. All cells with land- 
surface elevation f1 m (all barrier islands, marsh fringe and tidal 
creeks) from the vertical control datum are speci昀椀ed as General–Head 
Boundaries (GHB). Beginning with a baseline year of 2023, the sea-level 
datum assigned to the GHB is raised by 4 mm/yr and updated at the 昀椀rst 
stress-period of each decade (2031, 2041, …, and 2071). Conductance 
values are left unchanged, so the inland hydraulic gradient responds 
naturally. Then, these incremental rises were added to the general 
boundary heads (GHB) in the model, allowing the boundary conditions 
to re昀氀ect projected sea-level increases over the simulation period. This 
approach mirrors the transient boundary head condition adjustment 
method employed by Tiwari et al. (2024), who also used decadal sea- 
level increments in their aquifer model, and enables dynamics simula-
tions migration of saltwater intrusion, shifts in hydraulic gradients, and 
adjustments in the freshwater-saltwater interface under anticipated sea- 
level conditions. See Appendix in Supplementary Materials for more info 
about the SEAWAT packages used. These enhancements provide a more 
comprehensive evaluation of the potential impacts of climate change on 
groundwater resources in ESVA.

3. Results

3.1. SWAT calibration and validation

After 1000 runs for SWAT model calibration and validation, the 
daily-scale model performance for 2003–2020 produced satisfactory 
stream昀氀ow skill scores (Supplementary Fig. SF5), evaluated using model 
performance metrics (see section 2.4, Supplementary Table ST5, and 
Tran and Lakshmi, 2024 for details). Speci昀椀cally, for Pocomoke, the 
model achieved the overall NSE = 0.56, R2 = 0.56, and KGE = 0.62 
(Fig. SF5a); for Nassawango, NSE = 0.58, R2 = 0.61, and KGE = 0.58 
(Fig. SF5b). We then use this calibrated model to simulate future 
changes in stream昀氀ow under four different GCMs and two SSP scenarios 
(see section 2.5), which will then be extracted and used as projected 
recharges for the SEAWAT model.

3.2. Uncertainties of GCMs

While future projections for precipitation and temperature vary 
widely across GCMs, it is important to assess how well GCMs’ historical 
data, particularly precipitation, align with actual observations (in this 
case, the gauge bias-corrected IMERG Final product; see section 2.4). 
However, we anticipate that the validation may not yield a strong cor-
relation (e.g., R2 > 0.5) due to several reasons. The IMERG product is 
satellite-based and monthly gauge-corrected (Hou et al., 2014); how-
ever, the limited number of operational gauges in this region (see section 
2.4), along with the unique geographical setting of ESVA (15 m above 
mean sea level), may introduce uncertainties—an issue commonly 
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observed in coastal watersheds (Derin et al., 2022; Le et al., 2023; Tran 
et al., 2024b). For example, Derin et al. 2022, when validating IMERG 
over U.S. coastal regions, reported that the product tends to over-
estimate light rainfall (<1 mm/h) and underestimate heavy rainfall 
rates (>10 mm/h) across all coastal areas. Moreover, rainfall was sub-
stantially overestimated near shorelines, particularly in regions closer to 
the coast.

After performing the uncertainty testing between IMERG and his-
torical data from four GCMs (2001–2014), with rainfall stations located 
near the ESVA’s shore 昀椀ltered out to maintain a fair comparison, we 
obtained a summary for each GCM, as well as the Ensemble average, as 
shown in Table ST7. As expected, we found that the performance of 
these CMIP6 GCMs over coastal regions shows dif昀椀culties in capturing 
rainfall intensity, resulting in overall R2 values ranging between 0.30 
and 0.36 (see Table ST7), similar to other studies by Srivastava et al. 
(2020) and Almazroui et al. (2021). Speci昀椀cally, they indicated that 
CMIP6 GCMs exhibit reduced simulation accuracy in coastal zones due 
to complex land–sea interactions and topographic in昀氀uences, leading to 
greater uncertainty in precipitation and temperature projections rele-
vant to coastal hydrology and climate impact studies.

On the other hand, in coastal regions such as the ESVA, where (i) 
rainfall gauge networks are sparse and (ii) satellite-based rainfall 
products (i.e., IMERG) exhibit retrieval errors near coastlines (Derin 
et al., 2022), applying an additional bias correction, i.e., using the 
current four stations, on top of the existing bias-corrected IMERG, might 
introduce further uncertainty. Importantly, this added uncertainty could 
affect future hydrologic projections driven by GCMs. Given these po-
tential issues, we decided not to apply an additional bias correction to 
the GCM precipitation datasets to avoid compounding uncertainties.

3.3. Projected impacts of climate variability on groundwater recharge

Climate change signi昀椀cantly in昀氀uences groundwater recharge pat-
terns. This section presents the projected groundwater recharge varia-
tions under different climate scenarios as extracted from SWAT. Table 2
summarizes the ratio of changes in groundwater recharge projected for 
each decade under both intermediate (SSP2-4.5) and high (SSP5-8.5) 
GHG scenarios across different GCMs.

During the 昀椀rst three decades, recharge projections under the high- 
emissions scenario (SSP5-8.5) exhibit approximately twice the coef昀椀-
cient of variation compared to the intermediate scenario (SSP2-4.5), 
indicating greater uncertainty and planning risk associated with high- 
emissions scenarios. The projections indicate varying impacts on GW 

recharge depending on the GCM and emissions scenario: 

" BCC-CSM2-MR demonstrates a decline in recharge, with a signi昀椀cant 
drop under Intermediate GHG scenarios to 0.70 in 2071–2080.

" CanESM5 consistently shows the highest recharge ratios, particularly 
under high GHG scenarios, peaking at 1.62 in 2051–2060.

" The average of the ensemble projections exhibits a more stable trend, 
with values ranging between 0.97 and 1.06, indicating moderate 
climate impacts on recharge.

" During the 昀椀rst three decades, recharge projections under the high- 
emissions scenario (SSP5-8.5) exhibit approximately twice the co-
ef昀椀cient of variation compared to the intermediate scenario (SSP2- 
4.5), indicating greater uncertainty and planning risk associated with 
high-emissions scenarios.

Overall, inter-model differences among GCMs exceed the differences 
observed between high and intermediate greenhouse gas emission 
scenarios.

Model-to-model comparison of projected recharge ratios (pooled 
across all decades) reveals substantial differences in both magnitude and 
direction of change. The inter-model spread underscores an important 
insight: the current recharge values and ensemble average, while 
convenient, can obscure meaningful variations in recharge futures. 
CanESM5 and BCC-CSM2-MR are on the wet and dry ends, respectively, 
illustrating the importance of examining individual models when 
assessing adaptive strategies and groundwater vulnerability. The 
ensemble average hides this risk and therefore under-represents real 
uncertainty. Future projections should replace equal weighting of 
different GCMs for ensemble average with evidence-based weights (e.g., 
via cross-validation/Bayesian model averaging) once a more accurate 
climate product is identi昀椀ed for the site using future data. It should 
trigger a transition from equal weighting of climate models to weighting 
based on their predictive accuracy. These 昀椀ndings emphasize the 
importance of incorporating climate projections into groundwater 
resource management, particularly in regions dependent on GW for 
water supply. The varying recharge rates across models highlight un-
certainties that need to be addressed through adaptive modeling and 
management strategies.

3.4. Projected water-table changes in the Eastern Shore sur昀椀cial aquifer

Fig. 4b and 4c show the baseline (2023) water-table (NGVD 29, m) 
and the depth to water-table in the sur昀椀cial aquifer, respectively. Since 
the sur昀椀cial aquifer is uncon昀椀ned, simulated groundwater head directly 
represents the water-table elevation (water level). In low-lying coastal 
areas where land-surface elevation relative to NGVD 29 is near or below 
0 m, simulated water-table elevations may also plot near or slightly 
below 0 m, re昀氀ecting the vertical datum and regional topography. Depth 
to water-table averages around 1.5 m, while reaching 10 m in certain 
central, northern, and southern regions in the sur昀椀cial aquifer.

The 2023 water-table serves as the baseline for comparison with 
different climate models. Groundwater extraction rates were held con-
stant at 2023 levels across all future simulations to isolate the impacts of 
climate-driven recharge variability and SLR.

3.4.1. BCC-CSM2-MR scenario projections
Fig. 5 presents the projected groundwater level changes under the 

Intermediate GHG scenario using the BCC-CSM2-MR model, which 
represents the driest in the ensemble. The projections span 昀椀ve time 
slices—2030, 2040, 2050, 2060, and 2080. Positive values (blue) indi-
cate a rise in groundwater levels, while negative values (red) indicate a 
decline. We applied a consistent color scale across all projections and 
time slices to enable direct comparison of Δh magnitudes; consequently, 
some drier scenarios do not populate the highest positive (wetting) 
classes, while wetter scenarios may not populate the most negative 
(drying) classes. From 2030 to 2080, the model projects a general 

Table 2 
Projected groundwater recharge ratios (projected recharge/baseline recharge) 
under SSP2-4.5 (intermediate GHG) and SSP5-8.5 (high GHG) scenarios.

Decade MIROC6 
(Int/ 
High)

BCC-CSM2- 
MR (Int/ 
High)

CanESM5 
(Int/High)

MRI- 
ESM2- 
0 (Int/ 
High)

Ensemble 
Avg(Int/ 
High)

2023–2030 0.98/ 
0.97

0.92/0.73 1.31/1.43 0.98/ 
0.76

1.05/0.97

2031–2040 0.99/ 
0.95

0.88/0.79 1.35/1.51 0.89/ 
0.80

1.03/1.01

2041–2050 0.88/ 
0.91

0.85/0.81 1.42/1.56 0.81/ 
0.81

0.99/1.02

2051–2060 0.87/ 
0.94

0.86/0.80 1.54/1.62 0.79/ 
0.87

1.02/1.06

2061–2070 0.95/ 
0.89

0.87/0.90 1.48/1.44 0.82/ 
0.93

1.03/1.04

2071–2080 0.96/ 
0.88

0.70/0.93 1.49/1.29 0.87/ 
0.85

1.00/0.99

Dominant 
Signal*

mildly 
drier

persistently 
drier

persistently 
wetter

drier near- 
baseline

Note: Int refers to intermediate GHG emissions (SSP2-4.5), while High refers to 
(SSP5-8.5).

* Based on whether g4 of 6 decades are above or below 1.
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decline in groundwater levels across the study area, with the most 
pronounced reductions occurring in 2080. By 2030, most inland cells 
already register declines of 0.05–0.20 m, while coastal fringe cells 
remain near steady state. Declines intensify through 2040 as simulated 
recharge decreases. By 2050, a continuous band of >0.5 m drawdown 
(purple red) forms along the peninsula’s interior upland. Local interior 
areas exceed 1 m of head loss, indicating depletion of stored ground-
water in the most recharge-dependent zones. The contraction of fresh-
water will continue by 2060. Much of the interior upland ridge records 
0.5–1.0 m de昀椀cits, and by 2080 that band expands north–south, with 
several hotspots experiencing greater than 1 m drops. In contrast, 
barrier-island margins and the southern tip experience slight rising 
heads (yellow–light green) because the imposed sea-level-rise boundary 
partly offsets the recharge de昀椀cit there. Overall, the driest GCM in the 
ensemble transforms an early, modest decline across the peninsula into a 
late-century pattern characterized by signi昀椀cant interior drawdown 
alongside relatively buffered coastal zones. This highlights how reduced 
precipitation can surpass the effects of sea-level rise inland.

Groundwater declines are most pronounced in the peninsula’s north- 
central and south-central zones. Between 2050 and 2060, the rate of 
drawdown slows slightly, but spatial differences grow considerably. By 

2080, the interior upland ridge exhibits water-level declines exceeding 
1 m, whereas isolated areas of head rise persist, indicating increasing 
spatial heterogeneity in hydraulic conditions.

Supplementary Fig. SF6 presents the projected groundwater level 
differences under the High GHG scenario using the BCC-CSM2-MR 
model. This scenario displays greater variability in both spatial and 
temporal groundwater responses compared to the Intermediate sce-
nario. From 2030 to 2080, groundwater levels exhibit a wide range of 
changes. In the earlier decades (2030–2050), widespread area-
s—particularly in central and southern regions—show notable ground-
water declines exceeding −1.0 m (indicated in red), with localized 
pockets of moderate rise in the north and coastal zones under the High 
GHG. The sur昀椀cial aquifer 昀椀rst experiences interior drawdown where 
recharge lags behind pumping. By 2080, the extent of severe decline 
diminishes, and much of the region transitions to more moderate 
changes (yellow and light orange tones), suggesting potential ground-
water stabilization or model-in昀氀uenced recharge signals under this 
high-GHG trajectory.

These results underscore the heightened sensitivity of groundwater 
levels to both emissions intensity and model structure. The pronounced 
shifts in spatial patterns, particularly between 2040 and 2080, highlight 

Fig. 5. Projected change in sur昀椀cial-aquifer (Layer 1) head (Δh, m) relative to the 2023 baseline under the BCC-CSM2-MR Intermediate Scenario for 2030, 2040, 
2050, 2060, and 2080.

F. Hesamfar et al.                                                                                                                                                                                                                               Journal of Hydrology 668 (2026) 135003 

10 



the substantial role of high-emissions scenarios in shaping future water 
resource conditions and reinforce the importance of region-speci昀椀c 
adaptation strategies that account for a wide range of climate futures.

3.4.2. CanESM5 scenario projections
Fig. 6 shows groundwater level projections under the Intermediate 

GHG scenario using CanESM5, which represents the wettest scenario in 
the ensemble. In contrast to BCC-CSM2-MR, CanESM5 simulates a 
general rise in groundwater levels throughout the region, primarily due 
to increased recharge. Localized increases reach up to 1.9 m, indicating 
increasing spatial heterogeneity.

The largest increases occur in low-lying inland areas, particularly in 
the central and southern portions of the domain, where recharge con-
tributions dominate and groundwater mounding becomes more evident. 
Coastal areas, particularly near the shoreline, exhibit mixed responses. 
In the 2030s and 2040s, recharge surpluses increase water-table by 
0.2–0.5 m (light blue cyan) across most uplands, while the axial interior 

corridor from Cape Charles to Onancock reaches 0.5–1.0 m (darker blue) 
by 2040. Only a few pumped centers remain within the near-zero yellow 
band. By 2050 (mid-century), head gains expand laterally. The interior 
upland ridge north of Exmore and sections of the southern neck exceed 
1 m, and shallow coastal margins on both bay- and ocean-sides move 
decisively into positive territory, signaling that the recharge pulse is now 
overtaking the imposed SLR boundary. In 2060–2080 (late century), 
head increases intensify and spatial contrasts sharpen. By 2060, the 
central–northern interior shows contiguous 1–1.5 m increases, and iso-
lated hotspots >1.5 m emerge near historic recharge maxima. By 2080, 
those gains extend right up to the barrier-island 昀氀anks, leaving only a 
few yellow slivers (<±0.05 m) where SLR still balances the wetter 
climate signal. Net coastal rise relative to sea level (blue fringe) implies a 
weakening of hydraulic gradients that normally drive saltwater inland.

The High GHG scenario (Supplementary Fig. SF7) intensi昀椀es these 
trends, with maximum increases exceeding 2 m and similarly wide 
variability. Compared to the Intermediate Scenario, the High scenario 

Fig. 6. Projected change in sur昀椀cial-aquifer (Layer 1) head (Δh, m) relative to the 2023 baseline under the CanESM5 Intermediate Scenario for 2030, 2040, 2050, 
2060, and 2080.
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shows more extensive and pronounced increases in groundwater levels, 
particularly in southern and central regions, and until the mid-century, 
with even fewer zones of 昀椀xed heads along the coast. While this scenario 
suggests reduced groundwater depletion risk, it also raises concerns 
about waterlogging and infrastructure vulnerability in low-elevation 
urban zones in the early future decades. The increasing spatial varia-
tion of increased head further underscores the growing spatial diver-
gence in hydrologic responses, suggesting the need for highly localized 
water management strategies.

Overall, CanESM5′s wet bias adds up to >1 m of additional storage in 
large interior tracts and upward heads of 5–20 cm along much of the 
shoreline, potentially mitigating salt-intrusion risk but heightening 
concerns about saturated soils around septic systems, croplands, and 
urban infrastructure. These 昀椀ndings illustrate the critical in昀氀uence of 
recharge assumptions and call for infrastructure planning that accounts 
for both 昀氀ood and drought risks under a range of climate futures.

3.4.3. MIROC6 scenario projections
Fig. SF8 illustrates projected groundwater level differences relative 

to the 2023 baseline under the MIROC6 intermediate and high GHG 
scenarios for the selected years. Under the Intermediate scenario, 
groundwater levels in 2030 remain relatively stable, with only small, 
localized decreases of about 0.10 to 0.20 m. By 2040, slight increases in 
groundwater levels begin to appear, particularly in central and southern 
regions, suggesting early signs of in昀氀uence from SLR. In 2050 and 2060, 
a continued and more widespread decline in groundwater levels is 
observed, with larger areas affected and maximum decreases reaching 
up to 0.66 m. This pattern re昀氀ects a clear trend of groundwater depletion 
over time, particularly in the north-central and south-central regions, 
likely driven by reduced recharge rates during the 2040 s. However, by 
2080, partial recovery of the water-table is noted.

Under the high GHG scenario, Fig. SF9 for 2030 shows slight initial 
declines in some regions, though most areas remain relatively stable. By 
2040, more noticeable decreases in groundwater levels appear, espe-
cially in the core regions, indicating early impacts of a decline in 
recharge. In 2050, signi昀椀cant declines become evident, with large por-
tions of the study area experiencing substantial reductions. By 2060 and 
continuing into 2080, severe and widespread groundwater depletion 

Fig. 7. Projected change in sur昀椀cial-aquifer (Layer 1) head (Δh, m) relative to the 2023 baseline under the Ensemble Average Intermediate Scenario for 2030, 2040, 
2050, 2060, and 2080.
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occurs, with extensive areas showing substantial drops in groundwater 
levels, re昀氀ecting a serious reduction in groundwater resources under 
high-emission conditions. Additionally, the projections indicate an in-
crease in the water-table at the shoreline location due to SLR.

3.4.4. MRI-ESM2-0 scenario projections
The groundwater level projections under MRI-ESM2-0 (Fig. SF10) 

exhibit trends similar to those observed under the MIROC6 scenarios, 
with progressive declines in groundwater levels through 2080. In 2030, 
almost the entire peninsula is in the neutral band. Only a few pumped 
centers in the south tip and one interior high point show modest de-
clines. This is followed by a consistent increase in groundwater deple-
tion, reaching depths of up to 1.1 m by 2060. A moderate recovery in 
groundwater levels is observed toward the end of the period, primarily 
concentrated along the coastline.

Under the high GHG scenario, Fig. SF11 displays a different trend. 
The spatial patterns show extensive areas marked in red, indicating re-
gions at the highest risk of groundwater loss during the 昀椀rst three future 
decades (2030, 2040, and 2050), with maximum decline values reach-
ing approximately 1.25 m. For 2060 and 2080, a slight increase in 
groundwater levels is projected, suggesting a potential stabilization or 
partial recovery in some areas.

3.4.5. Ensemble average scenario projections for two GHG emissions
Fig. 7 presents projected changes in groundwater levels in the sur-

昀椀cial aquifer relative to the 2023 baseline, based on ensemble average 
recharge inputs for the intermediate GHG emissions scenarios and SLR. 
The ensemble average (i.e., giving each GCM equal weight) damps inter- 
model spread over ESVA, which is useful for context but may understate 
risk bounds. Under the ensemble average of the Intermediate GHG 
Scenarios, groundwater levels exhibit a modest increasing trend through 
mid-century, followed by spatial divergence. By 2030, widespread 
groundwater levels increases are projected across the coastal region, 
typically ranging from 6 to 12 cm, with localized gains exceeding 15 cm 
in the north and south-central zones—likely re昀氀ecting early responses to 
enhanced recharge. The upward trend persists in 2040 but weakens, 
particularly in central areas where projected changes approach zero, 
suggesting possible stabilization. By 2050, central and northern areas 
begin to show declines in groundwater levels, indicative of shifting 
recharge dynamics. The drying trend intensi昀椀es slightly by 2060, with 
declines up to 7 cm concentrated in central areas. Nevertheless, southern 
coastal zones maintain areas of groundwater rise, highlighting 
continued in昀氀uence from SLR-driven boundary effects. By 2080, spatial 
variability becomes more pronounced. Southern portions of the region 
continue to experience increases exceeding 15 cm, while central and 
northern zones generally show mild declines, often remaining above 
baseline by approximately 3 cm. Overall, median head change remains 
within ±0.05 m across the upland backbone for all decades.

In the High GHG scenario (Fig. SF12), 2030 projections show 
widespread declines in groundwater levels, particularly in the northern 
and southern regions, with reductions ranging from 14 to 18 cm. The 
remainder of the study area shows more moderate declines of up to 6 cm. 
By 2040, the pattern begins to shift, with slight increases (0–6 cm) across 
much of the region, potentially re昀氀ecting lagged SLR impacts and 
recharge variability. In 2050, coastal areas begin to exhibit notable in-
creases in groundwater levels due to SLR, with projected gains ranging 
from 6 to 10 cm and localized peaks exceeding 20 cm. These increases 
become more widespread by 2060, particularly in low-lying coastal 
zones. Inland regions remain comparatively stable or continue to 
decline. By 2080, a reversal occurs in some inland areas, with renewed 
declines, while coastal zones sustain signi昀椀cant groundwater level rises 
(>20 cm). This spatial divergence underscores the contrasting hydro-
logical responses between inland and coastal aquifers—driven by 
recharge limitations inland and SLR-induced pressures along the coast.

While the High Scenario projections show more pronounced regional 
changes than the Intermediate Scenario, ensemble-averaged results still 

indicate net changes of only a few centimeters (Fig. SF12). Large re-
sponses are attenuated by ensemble averaging, masking risks observed 
in high-variance projections from individual models. Nevertheless, even 
small changes in groundwater levels can have important implications for 
saltwater intrusion, ecological stability, and infrastructure resil-
ience—particularly in low-lying, shallow aquifer systems.

4. Discussion

Distributional diagnostics of projected sur昀椀cial-aquifer head changes 
(Δh) across CMIP6-driven recharge and emissions scenarios are pro-
vided in the Supplementary Materials (Section: Histogram-based inter-
pretation of groundwater projections; Fig. SF16) to strengthen 
interpretation of the spatial patterns shown in Figs. 5–7.

4.1. Spatial distribution of model-to-model groundwater-level variation 
(2080, Intermediate GHG pathway)

Fig. 8 depicts the inter-model spread in simulated sur昀椀cial-aquifer 
heads for 2080 under the intermediate (SSP2-4.5) GHG projection. 
The mapped statistic is the absolute range (max–min) of water-table 
elevation produced by the four CMIP6-driven recharge inputs 
(MIROC6, BCC-CSM2-MR, CanESM5, MRI-ESM2-0) after superimposing 
the common sea-level-rise boundary. Five classes (<0.25 m, 0.25–0.5 m, 
0.5–1 m, 1–2 m, >2 m) illustrate how the magnitude of uncertainty 
differs across the peninsula. Fig. SF13 shows the same map for High GHG 
scenario in 2080 along with statistics.

The greatest variation in groundwater levels, exceeding 2 m in some 
areas, occurs along the peninsula's central spine (dark maroon). This 

Fig. 8. Predicted groundwater head range (in meters) and statistics under the 
Intermediate GHG emission scenario for the year 2080. Areas in darker shades 
represent higher groundwater elevation ranges, while lighter shades indicate 
lower ranges.
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zone coincides with the highest topographic elevations (Fig. 4) and the 
thickest vadose zone; model experiments show that recharge multipliers 
have a strong in昀氀uence on changes in hydraulic head, particularly where 
the saturated thickness is greatest. Accordingly, the divergent precipi-
tation signals of the wettest model (CanESM5) and the driest model 
(BCC-CSM2-MR) produce the widest bracket on interior heads. Placing 
monitoring wells along this sensitive ridge would provide an effective 
early warning system for future changes in aquifer recharge.

Moving away from the central ridge, orange-to-red bands (0.5–2 m 
range) appear along the Chesapeake Bay shore. Heads remain mildly 
sensitive to recharge, yet the aquifer thins toward the estuary, and a 
portion of the recharge signal is attenuated by the coastal general-head 
boundary representation. The result is a moderate yet still signi昀椀cant 
0.5–1 m inter-model spread.

Barrier-island and back-bay cells are generally pale yellow (<0.25 
m). In these low-lying areas, sea-level rise dominates hydraulic gradi-
ents, and all climate models impose the same time-varying sea-level 
boundary, effectively collapsing the spread. Recharge differences matter 
little because the saturated zone is thin and can equilibrate rapidly to 
boundary forcing.

Because inter-model head range exceeds 2 m along the interior up-
land ridge but is <0.25 m on barrier islands where SLR dominates, 
targeted monitoring should prioritize the high-variance ridge-
—installing nested piezometer clusters to track recharge trends and 
reduce projections uncertainty as new observations become available.

4.2. Water-table exceedance of land surface and associated land uses

Simulated heads in the sur昀椀cial aquifer occasionally exceed land- 
surface elevation in low-relief portions of the ESVA, particularly under 
wetter recharge scenarios, re昀氀ecting topography-limited conditions 
where additional recharge is accommodated primarily through surface 
discharge rather than continued aquifer thickening. To evaluate 
whether these “super-elevated” cells occur in hydrologically plausible 
settings, we overlaid model cells with head > land surface against the 
Chesapeake Bay Program 2021 (1-m) LULC dataset (Claggett et al., 
2025) and found strong spatial coincidence with wetlands, tidal 
marshes, ponds, and surface-water features (Fig. SF15). This agreement 
supports interpreting localized head exceedance as consistent with sat-
uration/ponding and diffuse discharge in tidally in昀氀uenced landscapes. 
A complementary sensitivity test implementing the MODFLOW DRN 
package in the sur昀椀cial aquifer con昀椀rms that the study’s main conclu-
sions are robust to allowing explicit discharge where heads exceed land 
surface (full methods provided in the Supplementary Materials, 4.2. 
Water-table exceedance of land surface and associated land uses). SWI 
impacts and fresh groundwater volume analyses with drainage included 
are presented in the subsequent subsections.

4.3. Projected changes in fresh groundwater volume in the sur昀椀cial 
aquifer

Freshwater storage was estimated by summing the volume of all 
model cells with chloride levels below 200 mg/L, the threshold for best 
quality potable water as suggested by Fidelibusetal.(2025). As salinity 
increases and cells exceed this threshold, they are excluded, tracking 
how saltwater intrusion reduces freshwater supply. A quick visual 
summary of the freshwater volumes is given in Fig. 9a. Lines show total 
fresh-groundwater volume (million m3 (mcm)) produced by a common 
sea-level-rise boundary and 11 recharge forcings: four CMIP-6 GCMs 
(MIROC6, BCC-CSM2-MR, CanESM5, MRI-ESM2-0) run under Inter-
mediate and High GHG scenarios, the ensemble averages, and a “Current 
Recharge” control with present-day recharge held constant. Divergence 
after 2030 is therefore attributable to climate-driven recharge change; 
upward trends denote expansion of the freshwater-saturated zone; 
downward trends denote thinning. As can be seen in Fig. 9a with un-
changed recharge, the sur昀椀cial aquifer saturated thickness decreases 

slightly, losing approximately 1 mcm per decade (−0.1% by 2080) with 
the imposed SLR. This trajectory is treated as the benchmark for 
assessing climate-driven changes in freshwater volume. Ensemble av-
erages for intermediate and high GHG track the baseline case with small 
gains, suggesting moderate growth (slope: +1.1 mcm/decade and +0.4 
mcm/decade, respectively). BCC-CSM2-MR with intermediate GHGs, 
which represents the driest scenario, experiences a sustained decline 
from 0.7% loss in 2030 to 2.5% by 2080 or −17.4 mcm volume/decade 
The wettest scenario, CanESM5 Intermediate, exhibits the most consis-
tent and substantial increase in freshwater volume, reaching a +2.7% 
gain by 2080 and maintaining a growth rate of approximately +19.3 
mcm per decade. Notably, the CanESM5 High scenario led all others in 
volume expansion up to 2060.

The heat map (Fig. 9b) shows the percentage change in low-salinity 
fresh groundwater volume (Cl < 200 mg/L) relative to the 2023 baseline 
volume of 4012 mcm. It highlights key trends across different climate 
models, with strong positive growth observed for the CanESM5 pro-
jections, represented by yellow-green colors. These indicate substantial 
increases in low-salinity sur昀椀cial groundwater volume under this model 
because of higher recharge rates. In contrast, the BCC-CSM2-MR High 
(BCC High) and MRI-ESM2-0 High (MRI High) scenarios exhibit severe 

Fig. 9. (a) Time-evolution of the freshwater volume (Cl < 200 mg L−1) in the 
sur昀椀cial aquifer of Virginia’s Eastern Shore, from 2023 to 2080. Dashed lines 
represent high GHG emission scenarios with square markers, while solid lines 
with lighter color represent intermediate scenarios with circular markers. (b) 
Relative change in freshwater volume (%) under various Climate Scenarios in 
sur昀椀cial aquifer, sampled in 2030, 2050 and 2080. Warm colors (> 0%) indi-
cate a larger fresh groundwater than in 2023; cool colors (< 0%) indicate 
contraction.

F. Hesamfar et al.                                                                                                                                                                                                                               Journal of Hydrology 668 (2026) 135003 

14 



early losses, shown in dark blue, indicating signi昀椀cant declines in 
freshwater volumes, particularly in the initial decades. These variations 
re昀氀ect the differing impacts of recharge variation projections under each 
model scenario.

The direction and magnitude of simulated changes in sur昀椀cial fresh 
groundwater storage and salinity are governed by shifts in the aquifer- 
system water balance and the hydraulic gradients that control coastal 
exchange. Storage changes re昀氀ect the balance between recharge inputs 
and head-dependent outputs (evapotranspiration, coastal discharge 
through general-head boundaries, and pumping). Under wetter climate 
projections (higher net recharge), water-table elevations rise, increasing 
saturated thickness in the uncon昀椀ned sur昀椀cial aquifer, and producing a 
net gain in freshwater storage. Conversely, under drier projections 
(reduced recharge), inland heads decline, discharge to coastal bound-
aries weakens, and freshwater storage decreases because less water is 
available to sustain the water-table and replenish the con昀椀ned system 
through vertical leakage.

Projections based on individual climate models show notable vari-
ability. The CANESM5 scenarios predict relatively higher fresh 
groundwater volumes compared to other models, consistently main-
taining levels above 4080 million cubic meters (mcm) after 2030. The 
MIROC6 model shows moderate stability under both Intermediate and 
High scenarios, with groundwater volumes 昀氀uctuating around 4000 
MCM throughout the projection period. In contrast, the BCC Interme-
diate scenario projects a continual decline in groundwater volume, 
reaching the lowest value, approximately 3913 mcm, by 2080 among all 
cases studied. MRI-ESM2-0 projections under both Intermediate and 
High GHG emissions pathways exhibit an initial decrease by 2030, fol-
lowed by a gradual recovery.

The ensemble projections, which average the outputs across models, 
reveal relatively stable trends. Both the Intermediate and High Ensemble 
Average scenarios indicate slight increases over time. Overall, while 
individual models display signi昀椀cant variation, the ensemble results 
suggest that future groundwater volumes will likely remain relatively 
stable. However, only the current recharge scenario and, to a lesser 
extent, the MIROC6 projections align with the ensemble averages, 
highlighting the importance of using multiple climate models in 
groundwater sustainability assessments.

Although a ±2.5% change in the freshwater volume appears small, 
the baseline aquifer contains ~4 × 109 m3 of freshwater. Supplementary 
Table ST1 summarizes water use and availability on Virginia’s Eastern 
Shore. It compares the estimated freshwater volume with current resi-
dential and total water demand. The region uses about 20.7 million m3 

of groundwater annually, while residential use accounts for roughly 
6.35 million m3 (U.S. Census Bureau, 2021; USGS, 2021). A 2.5% loss 
(j100 million m3, or 26.4 billion gallons) equals roughly 昀椀ve years of 
today’s total groundwater withdrawals (public + agriculture + in-
dustry) on the Eastern Shore, or a full year’s domestic supply for a 
population 15.7 times larger (j 724,000 people). This puts the seem-
ingly modest percentage change into a regionally signi昀椀cant context.

4.4. Inter-model spread and temporal evolution

Fig. SF14 shows the predicted freshwater volumes over time from the 
11 models described in Section 4.3. Boxplots show median and spread of 
freshwater volume (mcm); overlaid points represent individual model 
outputs. While the ensemble average median shows a modest increase of 
just +0.1% from 2023 to 2080, the range of model outputs expands 
signi昀椀cantly over time. This muted trend conceals a two-fold growth in 
all 8 models inter–quartile range (IQR), from 25 MCM in 2030 to 46 
MCM by 2060, indicating that uncertainty, not mean change, dominates 
the projection envelope. By 2080, the gap between the wettest (CAN-
ESM5-Intermediate: +110 MCM) and driest (BCC-Intermediate: –99 
MCM) scenarios reaches 209 MCM. This variability re昀氀ects differences 
in model structures and hydrologic sensitivities.

Freshwater volume projections show evolving variability patterns 

across decades. In 2030 and 2040, scenarios under high GHG emissions 
(e.g., CanESM5 High, MRI High, and BCC High) exhibit notably greater 
spread than their intermediate counterparts, with outliers reaching both 
higher and lower extremes. This re昀氀ects a more uncertain and divergent 
response to climate forcing in the near term under high GHG scenarios. 
After 2060, however, the variability under high GHG scenarios begins to 
compress, especially in models like BCC High and MRI High, while the 
intermediate scenarios—particularly BCC and CANESM5 Intermediate 
GHG scenarios —maintain or widen their range. This pattern continues 
through 2080, where the ensemble average intermediate scenarios 
contribute to an increasing spread, suggesting persistent uncertainty in 
moderate pathways. In contrast, the High GHG scenarios become more 
clustered over time, indicating a convergence in projections despite 
more intense forcing. Overall, variability under high GHG pathways 
peaks around mid-century and narrows thereafter, whereas intermedi-
ate scenarios show a broader and more persistent range in projected 
freshwater volumes throughout the century.

4.5. Impacts of sea-level rise and recharge reduction on ESVA 
groundwater salinization

The sur昀椀cial aquifer is the sole uncon昀椀ned unit and provides base-
昀氀ow to streams and wetlands, and recharges to lower layers. It contains 
fresh groundwater and is the uppermost layer of the model. In inland 
areas, head increases are primarily driven by changes in recharge, with 
minimal direct SLR in昀氀uence. In coastal zones, however, SLR modi昀椀es 
the seaward general-head boundary, raising coastal water levels and 
initiating localized changes in hydraulic gradients near the shoreline. 
Once this boundary head increases, the compounding effects of reduced 
recharge and SLR propagate chloride concentration increase in the 
aquifer. However, chloride increases in the sur昀椀cial and Upper York-
town aquifers remain small, with most inland cells showing less than 1 
mg/L of change and coastal fringe areas remaining below ~10 mg/L. 
These shallow aquifers experience substantially smaller salinity re-
sponses than deeper con昀椀ned units because inland hydraulic gradients 
remain strong and the freshwater thickness is large relative to the 
magnitude of SLR imposed. In addition, hydraulic connectivity with 
surface features such as marshes and wetlands promotes drainage and 
limits sustained salt accumulation. In contrast, the Middle and Lower 
Yorktown-Eastover aquifers exhibit more pronounced chloride rises, 
particularly around Cape Charles, Willis Wharf (Southeast of Exmore), 
and Chincoteague. The con昀椀ned Yorktown–Eastover aquifers on the 
Eastern Shore of Virginia are generally more vulnerable to seawater 
intrusion than the shallow sur昀椀cial aquifer because they are hydrauli-
cally isolated from direct recharge and rely primarily on vertical leakage 
through overlying con昀椀ning units. Recharge to these con昀椀ned units is 
therefore lower than recharge to the sur昀椀cial aquifer, making them more 
sensitive to long-term pumping stresses (Smith, 2015); Sanford et al. 
(2009)). Historical groundwater withdrawals from the Yorktown–East-
over aquifer system have exceeded natural recharge by approximately 1 
million gallons per day, resulting in sustained declines in hydraulic head 
and increased susceptibility to saltwater intrusion (Smith, 2015). 
Among the con昀椀ned units, the Lower Yorktown–Eastover aquifer is the 
most impacted because it is the deepest and thickest con昀椀ned aquifer in 
the ESVA groundwater system, lies closest to regional saltwater sources, 
and experiences the greatest reduction in freshwater hydraulic gradients 
under pumping and sea-level rise (see Fig. SF1). Fig. SF17 presents the 
initial chloride concentration distribution in the Lower York-
town–Eastover aquifer, which serves as the baseline condition for sub-
sequent transport simulations. Fig. 10, 2080 map incorporates both a 
dry precipitation pattern (reduced recharge under a BCC SSP2-4.5 sce-
nario) and a gradual SLR of 4 mm/yr imposed via a rising general-head 
boundary every decade. Although recent years suggest a slightly accel-
erated rate of up to 5 mm/year, a conservative rate of 4 mm/year was 
selected to align with the long-term trend and maintain consistency 
(NOAA,2024). The 2080 simulations indicate that chloride 
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concentration increases are highly spatially heterogeneous and strongly 
localized to coastal margins and tidal creek networks under both 
SLR–only (See Fig. SF18 a) and combined SLR–drier scenarios (see 
Fig. 10). Across scenarios, median increases remain below 1 mg/L and 
interquartile ranges are small, while maximum values exceed 2500 mg/ 
L, re昀氀ecting a pronounced right-skewed distribution dominated by a 
limited number of coastal and barrier-island cells. The large coef昀椀cients 
of variation (>4 for SLR-only and SLR + BCC) further con昀椀rm that mean 
values are driven by localized salinization hotspots rather than wide-
spread inland impacts.

Under SLR-only conditions, elevated chloride increases are concen-
trated along low-lying shorelines, marshes, and barrier islands (e.g., 
Cape Charles and Chincoteague), consistent with density-driven intru-
sion and enhanced exchange with saline surface waters. The addition of 
drier climate forcing under the BCC intermediate scenario produces 
modest incremental changes relative to SLR alone, with a mean differ-
ence of approximately 2 mg/L (See Fig. SF18 b). This indicates that, in 
the drier future, reduced recharge limits inland propagation of salinity 
and constrains climate-driven effects primarily to areas already sensitive 
to SLR.

The difference map highlights that climate-induced modi昀椀cations 
largely amplify chloride increases at existing coastal hotspots rather 
than creating large new inland zones of salinization. These results sug-
gest that, by 2080, SLR remains the dominant control on chloride dy-
namics in the system, while climate-driven recharge changes play a 

secondary role. From a management perspective, this implies that 
adaptation efforts should prioritize low-elevation coastal communities 
and barrier environments for SWI monitoring, where even small changes 
in recharge can exacerbate salinity impacts under rising sea levels, while 
much of the inland aquifer remains comparatively resilient under drier 
climate projections.

4.6. Groundwater dynamics and management implications

The ESVA sur昀椀cial aquifer exhibits topography-limited behavior in 
low-lying coastal and wetland settings, typical of low-relief coastal 
plains. In inland areas where the water table remains below land surface, 
consistent with MIKE SHE simulations in the Argentine Pampas (García 
et al., 2018), where low gradients and weakly developed channelized 
drainage promote strong vertical water-table responses, the ESVA water 
table across much of the peninsula varies primarily as a function of 
climate-driven recharge, with lateral discharge occurring largely 
through diffuse groundwater–surface-water exchange with wetlands, 
tidal creeks, and ultimately the coastal margins. This hydrogeologic 
setting helps explain why water-table elevations can increase under 
wetter recharge scenarios, while the net change in freshwater storage (or 
freshwater thickness) may remain modest.

Although the ensemble spread in total freshwater volume is modest 
(5.2% between the driest and wettest GCMs), this scalar metric masks 
much larger and management-relevant differences in groundwater 

Fig. 10. Projected chloride concentration increase (mg/L) with statistics in the Lower Yorktown aquifer for 2080 compared to 2023 under combined drier GCMs- 
driven recharge (BCC-CSM2-MR) and SLR scenarios.

F. Hesamfar et al.                                                                                                                                                                                                                               Journal of Hydrology 668 (2026) 135003 

16 



heads and their spatial patterns. As shown in Fig. 8 (and Fig. SF13), 
inter-model ranges in sur昀椀cial-aquifer head exceed 2 m along the pen-
insula’s central areas, with a range of 0–3 m. These decimeter- to meter- 
scale differences directly in昀氀uence the risk of waterlogging for shallow 
infrastructure in wetter decades and the required pumping lift and en-
ergy demand during drier decades, even when total freshwater storage 
remains constrained by the aquifer’s topographic constraints. It is also 
important to note that the ESVA relies heavily on septic systems for 
wastewater treatment, making shallow groundwater behavior particu-
larly relevant for infrastructure resilience and water quality.

Accordingly, we retain the multi-model climate ensemble not only to 
quantify uncertainty in net storage change but also to delineate zones of 
diverging head and depth projections and provide credible upper and 
lower bounds on future groundwater states, bounds that can be re昀椀ned 
as new monitoring data become available.

Taken together, our results indicate a spatially differentiated 
response of the aquifer: recharge-driven water-table variability domi-
nate inland, whereas compounded recharge variability and SLR control 
salinity intrusion and groundwater depth along the coast. These patterns 
suggest a scenario-based, adaptive, dual-track strategy for groundwater 
management: (i) managing uplands for both drought and waterlogging 
arising from recharge variability, and (ii) designing coastal defenses and 
monitoring networks that explicitly account for shallow water-table 
conditions and salinity intrusion driven by SLR and recharge 
昀氀uctuations.

4.7. Study limitations and opportunities for future research

This study acknowledges some limitations, including the uncertainty 
in recharge projections due to the use of generalized GCMs and as-
sumptions regarding future precipitation and temperature patterns. 
Speci昀椀cally, we acknowledged the uncertainties found in rainfall data-
sets for the baseline period (2001–2014) provided by GCMs (see section 
3.2). In short, in coastal regions such as the ESVA, where (1) rainfall 
gauge networks are sparse and (2) satellite-based rainfall products (e.g., 
IMERGF) exhibit retrieval errors (Derin et al., 2022) appear to challenge 
hydrological simulations, we recommend incorporating Soil Moisture 
(SM)-based rainfall datasets, such as the SM2RAIN (Soil Moisture to 
Rain) – ASCAT data, which uses the bottom-up approach, instead of the 
traditional top-down method, to derive rainfall data from SM, which 
might better represent the rainfall intensity (Do et al., 2024).

In addition, while the groundwater model provides reliable long- 
term hydrologic forecasts, its annual stress period limits its ability to 
capture short-term changes like monthly 昀氀uctuations. The study applies 
sea-level rise as a uniform, linear boundary increase of 4 mm/yr and 
retains the original land/sea cell con昀椀guration. This simpli昀椀cation omits 
(i) non-linear acceleration in SLR projections and (ii) dynamic conver-
sion of low-lying terrestrial cells to marine boundary conditions. Both 
effects could amplify coastal-groundwater responses in later decades 
and should be explored in future simulations.

Exploring varying SLR rates, land surface inundation processes, and 
昀椀nder discretization, site-speci昀椀c recharge and pumping data would 
enhance model accuracy. Further investigation into monthly ground-
water variations and the effects of changing land use and water demand 
on recharge and withdrawal rates would provide more comprehensive 
insights. Lastly, integrating socio-economic factors into groundwater 
modeling could improve water resource management strategies and 
help develop more ef昀椀cient and equitable mitigation approaches.

5. Conclusions

This study evaluated the projected impacts of climate model vari-
ability on groundwater resources in ESVA, with a focus on changes in 
recharge, water table elevations, and freshwater volume. Four CMIP6 
models, BCC-CSM2-MR, CanESM5, MIROC6, and MRI-ESM2-0, were 
considered, drawn from the NASA NEX-GDDP archive to span wet 

through dry futures and capture model diversity. CMIP6 climate outputs 
(SSP2-4.5, SSP5-8.5) were downscaled and used to run SWAT to 
generate spatially and temporally distributed recharge; these 昀椀elds were 
passed to SEAWAT to simulate variable density 昀氀ow and salinity with 
coastal general head boundaries adjusted for SLR. Key 昀椀ndings include: 

(1) Decadal recharge multipliers range from –35% (BCC-CSM2-MR) 
to +55% (CanESM5). That spread drives sur昀椀cial-aquifer head 
changes of –1.6 m to +1.9 m, almost 8 times larger than the shift 
produced by SLR alone.

(2) Models’ disagreement is not spatially uniform. The greatest un-
certainty is inland, where heads respond directly to divergent 
recharge projections, while coastal zones are constrained by the 
shared sea-level boundary and low relief. Model-to-model head 
range exceeds 2 m along the upland ridge but falls below 0.25 m 
on barrier islands, where the common SLR boundary dominates. 
Accordingly, targeted monitoring should prioritize the high- 
variance ridge, installing nested piezometer clusters to track 
recharge-driven trends and reduce projection uncertainty.

(3) We found that fresh sur昀椀cial groundwater volume swings 2.6%, 
in which by 2080, the driest pathway (BCC-CSM2-MR, SSP2-4.5) 
contracts freshwater storage −2.5% (−181 M m3), whereas the 
wettest (CanESM5, SSP2-4.5) expands it +2.7% (+209 M m3), 
enough water to meet 33 years of domestic demand for the cur-
rent 46,000-resident Eastern Shore. Ensemble averages mask this 
± 190 M m3 risk window, showing only a +0.1% change.

(4) High-GHG (SSP5-8.5) scenarios show the greatest interquartile 
range around 2030, but this range narrows after 2060. In 
contrast, the intermediate scenario continues to widen, reaching 
a 5.2% spread in fresh sur昀椀cial groundwater volume by 2080.

(5) Along barrier islands and tidal-creek shorelines, SLR is the 
dominant trigger on SWI along ESVA’s low-lying perimeter, 
while the inland groundwater remains largely stable when 
recharge is held constant in the Lower Yorktown–Eastover 
con昀椀ned aquifer. When SLR is combined with reduced recharge, 
salinization expands both inland and upward. In the Lower 
Yorktown–Eastover aquifer, the domain-mean chloride concen-
tration increases from 22.7 mg/L under SLR-only (2080) to 24.1 
mg/L under SLR + BCC Intermediate (2080). Multi-year droughts 
can further depress recharge, amplify salinization and heighten 
water-supply stress.

In summary, this analysis highlights the complex, spatially hetero-
geneous, and model-dependent nature of recharge variability impacts on 
groundwater in coastal aquifers. It underscores the urgency of inte-
grating climate projections into groundwater resource management and 
calls for robust, adaptive strategies that accommodate uncertainty and 
account for recharge variability.
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