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As a main conduit for substances into coastal systems, accurate estimation of submarine
groundwater discharge (SGD) is of critical importance for sustainable management.
Hydrologic modeling is one of the common methodologies employed for this purpose.
However, hydrologic models usually require extensive field data for calibration and
validation. Coastal regions are usually harsh saline environments, making data collection
challenging. This study describes the development, calibration, and evaluation of a
numerical model for a coastal lagoon, Banana River Lagoon (BRL), Florida, under data-
scarce conditions. The study suggests interpolating the field data and extracting synthetic
data points from the interpolated surface. The synthetic data are used with the collected
data as head targets to force the model to match more targets during the automated
Parameter Estimation Software (PEST) calibration. Results indicate that model
calibration aided by interpolation-based datasets can produce well-calibrated models that
closely resemble field conditions. Simulations using three different temporal hydrologic
conditions show that the lagoon received an SGD of 46, 69, and 56 m*yr'-m™ of
shoreline during July 2014, October 2014, and May 2015, respectively. The simulated
SGD reaching the lagoon originates from terrestrial and marine sources, highlighting the
potential for elevated nutrient fluxes and chemical cycling in the ocean sediment. Such
conditions may have ecological impacts on the lagoon’s species and should be considered
in hydrodynamic modeling. These results indicate the role of using synthetic data in
improving the statistical evaluation of model goodness of fit and also highlight the critical
role of interpolation in augmenting datasets for model calibration in data-scarce
conditions.

1. INTRODUCTION

Recent advances in hydrologic modeling and computational
capabilities have enabled the simulation of a wide range of

Groundwater stands as one of the most significant
components of the water cycle, which is crucial for supporting
all kinds of life and comprises one-third of the Earth’s
freshwater supply. Population growth, coupled with climate
change over the last century, has resulted in increased demand
for groundwater [1] and in global declines in groundwater
storage [2]. Several investigations have shown that overuse of
this important resource without sustainable management and
planning can result in a serious decline in groundwater levels
[3, 4] as well as groundwater contamination [5, 6]. Thus,
informed management of groundwater resources has become
crucial for facing these increasing challenges. To effectively
protect this precious resource, it is necessary to understand
groundwater flow regimes and pollutant transport processes.
Representing groundwater flow regimes and transport
processes beneath the Earth’s surface is challenging due to
uncertainty in aquifer hydraulic parameters and surface
heterogeneity. As such, numerical modeling is an
indispensable tool widely used to aid decision-making and
sustainable management programs of groundwater sources.
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complex groundwater flow and transport systems. However,
without proper calibration, hydrologic models can easily
produce nonunique, unstable, or insensitive simulations [7].
Calibration of groundwater hydrologic models is
accomplished by iteratively adjusting the most sensitive
parameters with the ultimate goal being to match simulated
and observed data. After properly calibrating the model, its
goodness and precision are usually evaluated by using
additional field data to determine whether the model is able to
mimic field conditions under boundary conditions different
from the ones used initially to develop the model. Calibration
involves the adjustment of uncertain and sensitive parameters,
such as vertical hydraulic conductivity, K, that command
extensive numerical calculations and calibration iterations.
The most common strategy of model calibration involves the
comparison of the simulated head results with the
observed/measured head data known as calibration targets [8-
10]. It is challenging to produce unique solutions based on a
restricted number of well sites utilizing head values alone [11-
13]. The more head data used for model calibration, the higher
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the calibration resolution. However, in many practical
groundwater modeling problems, especially with regional
models or in harsh environments such as saline environments,
observed head data is usually scarce and very limited for many
reasons. Insufficient field measurements (observed data)
usually result in significant differences between simulated and
observed data, since this causes a lack of appropriate
representation of spatial variation in the hydraulic parameters
of the modeled system. Subsequently, inadequate
observational data pose significant constraints to the
calibration of hydrological models, which subsequently
compromises predictive accuracy and may ultimately impair
the effectiveness of decision-making frameworks. It follows
that a reliable strategy is needed to systematically achieve
efficient hydrologic model calibration in regions with scarce
observations.

Previous research has dealt with data scarcity conditions in
groundwater modeling using several techniques and
methodologies depending on site-specific conditions and the
type of available data. Among these methodologies, lumped
parameter groundwater modeling approaches have been
adopted as alternatives to traditional physics-based models
[14, 15]. Additionally, the integration of remote sensing
products and literature data with conventional groundwater
models has emerged as an established approach for improving
simulation fidelity [16]. Some studies have used nested models
and multi-index calibration [17], boundary condition analysis
[18], or Earth observation [19]. Some other researchers have
addressed the issues of data scarcity by using GRACE to
strengthen model development [20, 21]. Another group of
researchers has handled this problem through simplified
methodologies, including employment of pilot points [22],
Grey Models [23], parsimonious parameterization [24], head-
guided zonation [25], stochastic reconstruction framework
[26], and expert-based frameworks [27], all aimed at
extracting additional data from scarce available data. To the
best of the authors’ knowledge, studies that have employed
interpolation techniques for increasing the reliability of
groundwater modeling in data-sparse regions are very limited.
A single study [28] was found in the literature in which
groundwater depth is estimated in a data-limited area using
optimal interpolation. Data collection in harsh environments,
such as coastal lagoons, is usually challenging. It occasionally
requires diving into the saline water for equipment installation
in the sediments and the subsequent data collection. These
difficulties pose significant limitations on the data collected
for groundwater modeling efforts. Interpolation of limited data
in such harsh conditions acts as a valuable tool for generating
additional datasets for model calibration and validation. It can
also introduce a significant reduction in time, effort, and cost
that emanate from difficult data collection trips. However, the
literature is lacking methodologies that utilize interpolation to
extract head data in harsh environments, such as coastal
aquifers with a saline environment, for calibrating flow
regimes.

It is generally recognized that submarine groundwater
discharge (SGD) has a strong potential to reshape these vital
coastal ecosystems by impacting nutrient cycling and
biodiversity [29]. In many coastal systems, SGD has been
recognized as a major contributor to land-based nutrient
fluxes, namely phosphorus and nitrogen, that exceed surface
water fluxes by orders of magnitude [30]. For example, SGD
was estimated to deliver more than 79% of dissolved inorganic
phosphorus, nitrogen, and silica loads into Liaodong Bay,
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China [31]. SGD-driven nutrient fluxes can result in a
significant imbalance of the nitrogen-to-phosphorus ratio
(N/P). In many coastal systems, SGD has resulted in N/P ratios
exceeding the Redfield ratio of 16:1, turning those ecosystems
into phosphorus-limited environments and consequently
driving eutrophication, growth of harmful algal blooms
(HABs) [32], and fish kills [33]. Despite these negative
impacts, SGD is reported to have several positive effects on
coastal ecosystems, such as increased biodiversity in nitrogen-
limited systems, fisheries, pollution attenuation, and coral
calcification [32]. Thus, reliable estimation of SGD is critical
for sustainable management of coastal environments.

This study focuses on developing a groundwater numerical
model to simulate SGD into an unconfined coastal aquifer
below a coastal lagoon known as the Banana River Lagoon
(BRL). The environment at the site is predominantly saline,
making it challenging to install and collect sufficient
piezometric head and salinity data for model development.
The lagoon width at the selected site is also relatively large,
and thus, a higher resolution of data collection is needed to
effectively represent the flow conditions. The study
investigates the use of inverse distance weighting (IDW)
interpolation of the limited data obtained from this data-scarce
area by extracting additional synthetic data points from the
interpolated surface. This methodology provides more data
that serve the modeling process in two ways: 1) by providing
more head targets for model calibration, and 2) by allowing
model calibration to be evaluated statistically with more data
rather than a limited number of data points.

2. SITE OF STUDY

The BRL is one of three lagoons that make up the Indian
River Lagoon (IRL) system, which spans 250 kilometers along
Florida's eastern coast (Figure 1(a)), together with the IRL and
the Mosquito Lagoon (Figure 1(b)). The BRL is located in
Florida between Cape Canaveral and the Merritt Islands, and
is approximately 46 kilometers long and 5730 m wide at the
study site. The lagoon maintains a hydraulic connection to the
Atlantic Ocean through the Cape Canaveral Inlet, while the
man-made Barge Canal, traversing Merritt Island, links the
lagoon to the IRL water body. With a large number of species
exceeding 4300, this entire lagoon system represents one of
the most diversely inhabited and biologically vibrant estuarine
systems in the US. Around 50 of these species are designated
as endangered or threatened, such as the Florida manatee [34].
The lagoon also holds significant annual economic value for
the nation, estimated at more than $7 billion, with around $50
million generated annually by the lagoon fisheries. As such,
this valuable coastal system was listed by the United States
EPA as an “Estuary of National Significance” within the
National Estuary Program. Unfortunately, increased
eutrophication in the IRL system has led to increased
frequency and intensity of the occurrence of HABs, resulting
in remarkable loss of seagrass cover and subsequent loss of
habitat in all three system’s sublagoons, including the BRL
[35].

The BRL is isolated from the ocean by the Barrier Island,
which is a short band of coastal islands. The geologic
formation underlying the lagoon is an unconfined aquifer
consisting mostly of sand and shells. This unconfined aquifer
is underlain by a restricting impermeable marl and clay at 44
meters below the National Geodetic Vertical Datum of 1929
(NGVD29), also known as the Hawthorn formation [36].
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Figure 1. (a) Florida map showing the geographic location of Banana River Lagoon (BRL), (b) water bodies of the Indian River
Lagoon (IRL) system, including BRL, with the location of the study site, and (c) details of the study site and monitoring
piezometer clusters

The study transect was chosen to be orthogonal to the
lagoon coasts, running from the groundwater divide on Merritt
Island to the ocean and passing via the BRL and Barrier Island
(Figures 1(b) and 1(c)). The lagoon water is brackish as a result
of the constant mixing of ocean water with meteoric
groundwater on land. Therefore, flow conditions in such a
saline environment warrant the use of a variable-density
model. Significant discrepancies can be introduced into the
modeling results if a constant-density model is utilized to
represent such saline conditions [37, 38].
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3. MATERIALS AND METHODS
3.1 Characterization and data collection procedure

The fieldwork initially involved installing a number of
onshore and offshore clustered monitoring wells/piezometers
and a benchmark (Figure 1) and delineating the lagoon bed
profile along the selected transect (Figure 2). Groundwater
levels measured at the onshore monitoring wells were used to
define the groundwater divides and establish the transect’s
horizontal extent up to the Atlantic Ocean. The transect spans



a total horizontal distance of 6270 m, including 200 m through
the groundwater divide on Merritt Island, 5730 through the
lagoon water body, and 340 m of the Barrier Island to
terminate at the Atlantic Ocean’s coast. The measured lagoon
bed profile shows that the lagoon bottom at the study site
ranges from 1 m to 3 m below the water surface (Figure 2).
Groundwater levels collected from onshore piezometers on the
Merritt and Barrier Islands were used to define the model
boundary conditions. Eight stations of clustered piezometers
were used to collect hydraulic head and lagoon water salinity
below the transect, as depicted in Figure 2 (also shown as blue
dots in Figure 1(c)). Each station contained a cluster of two
monitoring piezometers at different depths ranging from 1.17
m to 3.66 m. An additional piezometer, deeper than the others
(6.70 m), was later installed at the western station, bringing the
total number of piezometers to 17. Table 1 provides more
details on the horizontal locations measured from the
Westshore stations (WS) and the screen elevation of each
piezometer in NGVD29. Eight additional samples were
collected from the lagoon surface water at sites corresponding
to the eight monitoring stations at the lagoon bed elevations
(Table 1). Adding those lagoon bed samples to the ones
collected from the piezometers, a total of 25 samples were
obtained during each sampling campaign. Temporal
groundwater salinity ranges measured at the 25 locations, the
average temporal lagoon water salinity, and the measured
temporal lagoon water elevation are presented in Table 2.
Owing to the difficulty of fieldwork in such a saline
environment, the installation of deeper piezometers wasn’t
feasible. Moreover, given the relatively large width of the
lagoon, the number of monitoring points is relatively scarce to
achieve reliable model calibration and validation. All salinity
measurements were accomplished using a YSI 85 probe with
a range of 0—180 ppt. Hydraulic head and salinity data were
observed during three sampling dates conducted in July 2014,
October 2014, and May 2015. The conversion of observed
groundwater hydraulic heads below the lagoon to equivalent
freshwater heads was necessary to account for salinity effects
after generating the interpolated equipotential contour maps.
This conversion was accomplished using Eq. (1).
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where, Hiesn represents freshwater head in m; Agi represents
seawater head in m; H stands for elevation in m; pgesh = density
of freshwater, taken as 1000 kg/m?; pear = density of seawater,
taken as 1025 kg/m>.
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Figure 2. Data collection piezometer cluster distribution
underneath the lagoon bed

Sediment samples of the lagoon bed were collected from
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five of the monitoring stations to estimate the horizontal
hydraulic conductivity (Ky) of the aquifer by the equation Ky, =
C(d\)?, where dio is the effective diameter, and C is an
empirical constant. A horizontal hydraulic conductivity of 20
m/d was calculated by averaging the estimated conductivity at
all sampling points.

Table 1. Sampling locations and screen depths of the
offshore piezometers and bed points

Distance NGVD29 Elevation (m)

Station fro(r;nn;’VS Shallow Deep Deeper L?;ge(:;m
WS 0 -1.089  -3.570 -5.282 0.328
WSI1 29 -1.080  -3.575 - -0.171
S1 944 -3.086  -5.576 - -2.172
S2 1920 -3.454 -5.944 - -2.540
S3 2858 -3.664  -6.154 - -2.750
S4 3825 -3.434 5924 - -2.520
S5 4771 -3.164  -5.654 - -2.250
ES 5730 -1.226  -3.716 - 0.328

Table 2. Groundwater salinity ranges, lagoon surface water
elevation, and average lagoon water salinity

Average

Lagoon Lagoon
. Groundwater 00 Surface
Sampling . Surface
Salinity Range Water
Date Water .
(ppt) Salinit Elevation (m
Y NGVD29)
(ppt)
July 2014 1.2-31 31 0.362
October
2014 1.3-26 26 0.568
May 2015 1.3-28 24.5 0.299

3.2 Model development and simulations

Numerical simulations were accomplished in the numerical
environment of the groundwater flow and solute transport
code SEAWAT [39]. The 2D cross-sectional domain of the
model was 6270 m long and 44 m deep (Figure 3). The
horizontal 6270 m stretch of the model covers the region from
the Merritt Island groundwater divide to the Ocean.
Boundaries A-B and C-D represent the fresh groundwater
boundaries on Merritt Island and Barrier Island, respectively,
and were represented in the model as constant head and
concentration boundaries. The Hawthorn formation and the
groundwater divide boundaries E-F and A-F, respectively,
were assigned No-flow characteristics. The saltwater
boundaries of the lagoon bed, B-C, and the Atlantic Ocean, D-
E, were simulated by constant heads and concentrations. The
normalized concentration of the sea boundary was 1, while the
lagoon transect boundary was assigned a concentration of
Cm/35000, with Cm representing the observed lagoon
concentration based on seawater salinity of 35000. The initial
concentration, Co, of the entire aquifer was set to zero,
whereas the initial head was set to 44 m (total depth of the
aquifer). The finite difference domain discretization included
a single one-meter row, 176 columns, and 50 layers. Column
spacing ranged from 4 to 40 m, and layer spacing ranged from
0.25 to 2.5 m. The model run was set to steady state with an
implicit finite difference framework in the GCG solver. In
total, three identically discretized steady-state models were
developed, one for each sampling period (July 2014, October



2014, and May 2015). The only difference among the three
models is that each uses boundary conditions representing a
different stress period corresponding to a specific temporal
sampling trip. An alternative approach would be to develop a
single transient model incorporating all three stress periods.
However, this would yield identical results to those obtained
by the current approach, but the model would be more run-
time demanding. Furthermore, in our current approach,
viewing and post-processing results for a specific period is
slightly more straightforward.

Barrier Island
340 m

Merritt Island
200 m
-

A B € T

44m

Unconfined aquifer

Groundwater Divide
Atlantic Ocean

Top of Hawthorn formation
6270 m

S

Figure 3. Model domain of the Banana River Lagoon (BRL)
site developed in SEAWAT

3.3 Interpolation and uncertainty analysis of inverse
distance weighting

The 25 piezometric head observations gathered in July 2014
were used to develop equipotential contours using IDW
interpolation. Since the collected head data are limited relative
to the model domain, 18 additional synthetic head values were
extracted from the IDW surface for July 2014 and used with
the original 25 points as head targets in model calibration to
compensate for data scarcity. With a larger number of data
points (larger sample), the reliability of the statistical analysis
of model calibration can also be improved. The IDW
interpolation-based synthetic points do not represent
independent measurements. Instead, these points constitute
mathematical approximations based on the actual field
observations. As a result, using these synthetic points as spatial
calibration constraints for the SEAWAT model may introduce
spatial patterns and uncertainty to the model results.

To evaluate the uncertainty inherent in the interpolation
procedure, a leave-one-out cross-validation (LOOCYV)
procedure was employed. The LOOCV procedure was
conducted by running the IDW interpolation of the actual field
observations 25 times. In each run, one of the field
observations was omitted, and its value was simulated by
interpolating the rest of the field observations. The simulated
observations were plotted against their actual field values, and
the prediction error was quantified by RMSE, MAE, and R
The graphical and statistical procedures were performed using
the R programming language.

The effect of uncertainty in interpolation-based points on
the model SGD predictions was quantified using two
calibration scenarios. One scenario used only the originally
observed data as calibration constraints, while the second used
the originally observed data plus the interpolated data as
constraints. The difference between the two estimated SGD
values was quantified and evaluated.

Due to their inherent uncertainty, the IDW-generated points
were used as auxiliary calibration targets instead of
independent  targets. This was accomplished by
downweighting these points in the objective function in the
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Parameter Estimation Software (PEST) calibration runs.
3.4 Calibration and validation

The procedure adopted in the calibration of the SEAWAT
model was to use the July 2014 dataset for calibration and then
validate the model using the October 2014 and May 2015 data.
Since aquifer hydraulic conductivity usually controls
groundwater flow [40], a sensitivity analysis was conducted to
look into how sensitive the SEAWAT model was to Kj, and K.
During the sensitivity analysis, Ky was maintained at 20 m/d
while using a single K, for the entire domain. The K, values
tested during the sensitivity analysis were 0.2, 0.02, and 0.002
m/d. The sensitivity analysis aimed to calibrate the model and
identify the K, distribution that yields a close visual match
between the simulated and observed groundwater head
contours from July 2014. The model was initially calibrated
using PEST [41], and the calibration was further refined
manually. PEST requires head calibration targets to optimize
the objective function. The higher the number of targets, the
higher the number of spatial constraints and the better the
spatial conditioning of model calibration. Therefore, the model
calibration was assessed in two scenarios: Scenario 1 with only
the original 25 head observations as calibration targets, and
Scenario 2 with the original 25 head observations plus the 18
IDW-based synthetic data points as targets. However, to
compensate for the uncertainty inherent in the synthetic
targets, they were downweighted in the PEST optimization of
the objective function. The downweighting was based on the
interpolation uncertainty analysis.

Following model calibration using a graphical comparison
of the simulated and observed groundwater contours, the
model goodness of fit was assessed statistically using the
RMSE, t-test, and Nash-Sutcliffe efficiency (NSE) index [42].
There is no established standard for determining whether a
model performs well or poorly, even though RMSE is
frequently used in model calibration analyses with the aim of
minimizing this measure. This is because the statistic's value
usually varies depending on the units of measurement. At a 95
percent confidence level, the null hypothesis that the means of
the simulated and observed groundwater heads are statistically
equal was tested using a paired t-test. The goodness of fit
between model results and measured heads is indicated by the
NSE, which ranges from negative infinity to 1. While a value
of zero or negative indicates that the mean of the measured
data is a better predictor than the predicted values, a value of
one indicates an ideal fit. An NSE value >0.5 would indicate a
satisfactory match between the tested datasets.

4. RESULTS AND DISCUSSION

A scatter plot of the 25 simulated versus observed head data
points obtained from the LOOCV uncertainty analysis of the
IDW interpolation is shown in Figure 4. With an R? of 0.896,
RMSE of 0.037, and MAE of 0.027, the simulated values
appear to agree strongly with the observed values. However, it
should be noted that, ranging from 44.58 to 44.95 m, the
observed head values are characterized by a narrow range of
0.37 m. Therefore, given such a narrow range, the absolute
values of the RMSE and MAE error metrics may not
meaningfully reflect the goodness of fit. Thus, normalizing
these metrics by dividing the absolute values by the range of
the observed data and multiplying by 100 to report the errors



in percentage format provides a meaningful interpretation of
the statistics. Therefore, with a range of 0.37 m, the
normalized RMSE and MAE for the IDW-simulated head
values are 10% and 7%, respectively. It can be concluded that
the IDW-simulated values show moderate agreement with the
observed values. Figure 4 also reveals that the best-fit line
closely aligns with the 1:1 line at head values below 44.8 m,
where most values cluster closely around the 1:1 line. The
single value exceeding 44.8 m is the head of 44.95 m measured
at the deepest piezometer. At this location, the best-fit line
diverges the most from the 1:1 line. Since this location is
relatively isolated and distant from the other piezometric
locations, it exhibits the greatest deviation from the 1:1 line.

Simulated vs Observed

® Data
g ---- t:1line y
¥ |—— Best fit line
()
v‘ -
<
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9 ©
3 37
£
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~
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3
© RMSE = 0.037
3 MAE =0.027
RA2 =0.896
n =25

I I I I I
446 447 448 449 45.0

Observed

Figure 4. Uncertainty analysis of inverse distance weighting
(IDW)-simulated synthetic head data points

The SEAWAT sensitivity analysis results showed that, even
with an order of magnitude change in K, no notable effect on
the model output was observed. However, significant shifts in
the locations and shapes of groundwater head distributions
were observed as K, varied between 0.2 and 0.002 m/d
(Figures 5(a)—(c)). The analysis revealed that the Ky, value of
20 m/d estimated from sieve analysis of sediments can be used
for the entire model domain without significantly affecting the
results. Major changes in the simulated head contours with
varying Ky indicate that the model sensitivity is mainly related
to Ky (Figures 5(a)—(d)). Model calibration in Scenario 1 using
only the 25 head observations as calibration targets produced
the head distribution shown in Figure 5(d). In Scenario 2,
when the 18 synthetic IDW-simulated targets were used with

the original observations, model calibration produced the head
distribution shown in Figure 5(e). A visual comparison of
Scenario 1 results (Figure 5(d) with the measured distribution
(Figure 5(f)) reveals only moderate agreement with the field
observations. However, in Scenario 2, the visual comparison
between the model-simulated head distribution (Figure 5(¢))
and the measured distribution (Figure 5(f)) improved
significantly. It is worth noting that, to account for uncertainty
in the synthetic head targets, those targets were downweighted
during the PEST optimization of the objective function. All
synthetic targets were assigned a weight of 0.7 in the PEST
settings, while the original observations were assigned a
weight of 1. Figures 5(e) and (f) show that the calibrated model
using Scenario 2 closely resembles the shape and magnitude
of the measured head contours. This indicates that, by visual
comparison, the simulated head data correlate strongly with
the field data. Therefore, the final calibration was based on
Scenario 2. This calibration was further verified by running the
calibrated model under two different boundary conditions
measured in October 2014 (Figure 6) and May 2015 (Figure
7). The calibrated hydraulic conductivity distribution in
Scenario 2 was validated using the freshwater equipotential
line distributions of October 2014 and May 2015, as shown in
Figures 6 and 7, respectively. It can be observed that, even
though the shapes and magnitudes of the groundwater
contours were different between these two data collection
times and those of July 2014, Figures 6 and 7 indicate a good
match between the simulated and observed groundwater head
distributions.

Table 3 summarizes the results of the sensitivity analysis,
graphical comparison, statistical evaluation, and the predicted
SGD during Scenarios 1 and 2. Graphical comparison using
single K, values of 0.2, 0.02, or 0.002 m/d across the entire
model domain yielded poor visual comparison. But it clearly
shows high model sensitivity to the K, of the aquifer.
Calibrating the spatial distribution of K, based on Scenario 2
yielded a moderate visual comparison and an estimated SGD
of 38 m*-yr!-m (Table 3). However, incorporating the IDW-
generated synthetic targets yielded a good visual comparison
and an SGD of 46 m*-yr!'m™. Thus, under the current data
scarcity, the model would underestimate the SGD by about
17% if the IDW-generated synthetic points were not
incorporated. The results show that a major K, value of 0.2
m/d can be used for most of the aquifer, with lower K, values
down to 1 x 107° m/d also used near the transect bed. Across
all model runs, including the sensitivity analysis runs, the
RMSE remained low, even when visual comparisons
suggested poor calibration. This is because of the small data
range, as mentioned earlier. Thus, relying solely on RMSE as
a statistical measure for evaluating the goodness of fit in model
calibration is insufficient, even though the final calibrated
model achieved the lowest RMSE of 0.02.

Table 3. Statistical measures and predicted submarine groundwater discharge (SGD) for the sensitivity analysis and calibration

scenarios
Scenario Kv (m/d)  Graphical Status RMSE (m) t-Test NSE Yearly SGD (m*yr'-m™)
2x 10" Poor 0.08 Reject -3.88 158
Sensitivity analysis 2x1072 Poor 0.07 Reject -2.77 93
2x1073 Poor 0.08 Reject  -3.39 31
Scenario 1 Calibration Moderate 0.03 Accept  0.34 38
Scenario 2 Calibration Good 0.02 Accept  0.82 46
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Figure 5. Simulated and measured groundwater contours in July 2014: (a) simulated at K, = 0.2 m/d, (b) simulated at K, = 0.02
m/d, (c) simulated at K, = 0.002 m/d, (d) simulated by the calibrated model when only the 25 observed head dataset were used as
targets, () simulated by the calibrated model when the 25 observed head dataset plus the 18 IDW-generated synthetic dataset

were used as targets, and (f) measured groundwater contours generated by IDW using the 25 observed head dataset
Note: The plots show a selected zone below the lagoon within the model domain, down to 20 m for better comparison. The model calibration is based on Scenario
2, which uses the IDW-synthetic points with the original observations.

The t-test results aligned well with the visual assessments.
When the visual comparison indicated good calibration, the
test accepted the null hypothesis of equal means (p > 0.05),
whereas discrepancies in visual matching corresponded to
statistically significant deviations. Furthermore, Table 3
shows that despite moderately acceptable model performance
in Scenario 1, the NSE values for the calibrated model were
less than satisfactory (<0.5), indicating poor calibration. The
disagreement between the statistical measures and visual
comparisons could be attributed to the small sample size used
in the analysis.

The inclusion of 18 additional head points obtained from
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IDW interpolation in Scenario 2 significantly improved the
NSE from 0.34 to 0.82 compared to Scenario 1. This
improvement in NSE is due to improved model calibration in
Scenario 2, which increased the agreement between the
observed and simulated data. This enhancement in NSE,
derived from the supplementary head data in Scenario 2, aligns
with both the t-test results and visual calibration assessments.

It can be inferred from the statistical analysis that the K
representation in groundwater models is a key factor
controlling realistic simulations of head distribution and SGD
estimation in the studied coastal aquifer.
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Figure 6. A comparison showing (a) simulated and (b) measured groundwater contours in October 2014
Note: The plots show a selected zone below the lagoon within the model domain, down to 20 m for better comparison. The model calibration is based on Scenario
2, which uses the IDW-synthetic points with the original observations.
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Figure 7. A comparison showing (a) simulated and (b) observed head in May 2015
Note: The plots show a selected zone below the lagoon within the model domain, down to 20 m for better comparison. The model calibration is based on Scenario
2, which uses the IDW-synthetic points with the original observations.
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Figure 8. Simulated submarine groundwater discharge (SGD) flow directions and salinity in July 2014 (top) and October 2014
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This emphasizes the importance of precise representation of
K, heterogeneous distribution as opposed to using uniform
values throughout the entire model domain. Poor
representation of K, distribution within numerical models
remarkably shifts estimated SGD from realistic values, which
would lead to inaccurate water resources management
decisions. The simulations also revealed that significant
volumes of SGD find their way into the lagoon. It is estimated
that through each one meter of the shoreline, the lagoon
received an SGD of 46 m?*yr'm™ in July 2014, 69
m?-yr'-m™ in October 2014, and 56 m*-yr "-m' in May 2015.

Figure 8 depicts the simulated flow patterns of SGD and the
simulated salinity distribution for July 2014 and October 2014.
The simulation shows that some of the SGD originates from
terrestrial sources (Merritt Island and Barrier Island), while the
rest originates from the Ocean and is referred to as marine
SGD. Figure 8 also shows that the saltwater intrusion wedge
encroaching on the sea boundary extends deeper into the
aquifer in July 2014 than in October 2014. This is due to the
higher terrestrial hydraulic gradient in October 2014, which
creates higher advection towards the sea, pushing the saltwater
wedge back. This is further explained by the higher SGD of 69
m*-yr''m™ of shoreline estimated for October 2014,
compared to 46 m*-yr'-m™! of shoreline in July 2014.

Given that SGD is one of the main conduits of contaminants
into coastal aquifers, such large amounts of SGD may have
potential implications for transporting large fluxes of
anthropogenic nutrients into the water body, with subsequent
implications for the species that reside in the lagoon. Perhaps,
one of the most critical potential implications of SGD on the
lagoon ecosystem is increased HABs, which can substantially
reduce light penetration into the seagrass and could eventually
result in devastating impacts such as fish kills. Shifting the
lagoon from a seagrass-dominated to an HABs-dominated
ecosystem can also pose the potential for hypoxia and anoxia
following the HABs decay, leading to negative impacts on the
lagoon’s species. However, in the current study, no
measurements of SGD nutrient fluxes were conducted. Future
studies that incorporate such measurements and quantify those
potential nutrient fluxes and the associated ecological
implications are needed.

5. CONCLUSIONS

This study developed a hydrological model to estimate the
SGD rates into the BRL, a coastal lagoon, under data-scarce
conditions. An extensive fieldwork has been conducted to
characterize the site and collect head and salinity data for the
model development, calibration, and validation. Due to the
saline environment of the site, the collected data are limited
compared to the model domain. Interpolation of collected data
has been found to provide additional synthetic data that serve
to improve spatial conditioning of model calibration and
statistical evaluation. Significant volumes of terrestrial and
marine SGD are found to reach the BRL at the study site. Such
elevated SGD volumes may have potential ecological
implications through nutrient transport into the lagoon waters
and chemical recycling from ocean sediments. However, the
severity of such impacts depends on SGD nutrient loads that
are not measured in the current study.

Another key takeaway from this work is that interpolation
tools, such as IDW, were useful for providing calibration
targets under data-scarce conditions. However, we emphasize
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that interpolation does not replace field observations and thus,
the proposed approach represents a practical supplementary
method rather than an alternative to long-term monitoring. The
NSE statistic has proven to provide a reliable evaluation of the
model’s goodness of fit. However, the current approach might
not be applicable to other coastal sites with different
conditions; therefore, further investigations at other sites are
strongly suggested.

The findings of this study are specific to the hydrogeologic
setting of the BRL and may not directly apply to other coastal
systems with different hydrogeologic and land-use conditions.
However, similar SGD behavior might occur across other
coastal environments with comparable settings. Thus, future
studies at other coastal systems with both comparable and
different conditions are needed to evaluate the applicability of
these findings.

The findings of this work also present several practical
implications for the sustainable management of coastal
regions. By enhancing hydrologic simulations in data-scarce
coastal areas, where monitoring is limited, the interpolation-
based approach can provide solutions for the management of
coastal resources by expanding spatial information. Enhanced
spatial representation of data can also support better
identification of coastal zones vulnerable to environmental
implications such as eutrophication and saltwater intrusion. By
enabling characterization of the spatial and temporal
variability of SGD, sensitive and vulnerable ecological
systems in data-scarce regions can be more effectively
identified and subsequently protected. Finally, since coastal
regions are among the most vulnerable systems facing climate
change implications, such as sea level rise, reliable emulations
serving under data-scarce conditions offer a useful tool for
climate change mitigation and adaptation management
decisions.
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