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Abstract

Bar-built estuaries (BBEs) are dynamic habitats that are subject to a number of natural factors (precipitation, tidal influence,
sediment transport, etc.) and anthropogenic factors (run-off, managed breaches, etc.) that influence their environmental state.
While informed management requires an understanding of these factors and their seasonal patterns, documenting estuary
conditions is challenging due to a limited capacity for in situ monitoring. To better understand seasonal changes in estuar-
ies, this research used satellite remote sensing to examine estuary mouth state and inundation extent. We used Sentinel-2
MultiSpectral Instrument (MSI) and Sentinel-1 C-band Synthetic Aperture Radar (C-SAR) to develop the California Estuary
Assessment (CEA) tool in Google Earth Engine. The Sentinel-1 C-SAR and the Sentinel-2 MSI-derived Normalized Differ-
ence Water Index captured the estuary mouth state, in terms of opened or closed, and inundation extent. We then compared
the estuary mouth state and inundation extent seasonally. The Navarro River Estuary exhibited much more frequent closed
mouth state observations (70% of all observations) compared to the Russian River (26% of all observations). Inundation
patterns also varied between the estuaries and between seasons—at Navarro River, the lowest and highest inundation values
occurred in summer (71.5% of maximum inundation extent) and spring (75.8%), respectively, while at Russian River, the
lowest and highest values occurred in summer (68.3%) and fall (86.2%), respectively. Furthermore, inundation extent varied
significantly more in fall at Navarro River, and in spring and summer at the Russian River. Our findings reveal substantial
seasonal differences between BBEs that highlight the importance of monitoring individual systems.

Keywords Bar-built estuaries - Breach state - NDWI - Remote sensing - Estuary mouth state - Seasonality

Introduction

Approximately half of California’s 577 coastal confluences,
areas where freshwater meets the ocean, are bar-built estu-
aries (BBEs) that are periodically closed to the tides (Clark
& O’Connor, 2019). These types of estuaries, also known
as intermittently closed estuaries, have complex dynam-
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groundwater, precipitation, and river discharge (Clark et al.,
2013; Rich & Keller, 2013). During river discharge events,
lagoon water levels can be higher than ocean surface levels
creating a pressure gradient that is directed offshore, mean-
ing that water is driven to flow from the estuary into the
ocean. However, this gradient is balanced by wave and tidal
energy, therefore creating complex BBE patterns of opening
and closure (Orescanin & Scooler, 2018; Orescanin et al.,
2021). Depending on the inlet size, morphology, tidal cur-
rents, and inundation of the estuary, wave energy in par-
ticular can play a large role in BBEs opening and closure.
High wave energy comes from storms or strong tidal cycles
and can either open the estuary mouth with wave action that
degrades sandbars or form sandbars that close the estuary
mouth (Bertin et al., 2019; Rich & Keller, 2013). On a non-
BBE coastline, wave energy can reflect or dissipate, while
estuaries can be conducive to receiving tidal energy that
propagates within the estuarine system (Bertin & Olabar-
rieta, 2016). When BBEs are closed, estuaries receive only
freshwater input except during large wave events and bidi-
rectional seepage through the sandbar; in contrast, during a
breach event, tidal influences impact the estuary (Clark &
O’Connor, 2019).

Seasonal trends of precipitation and wave action influ-
ence patterns of BBE opening and closure. California’s
Mediterranean climate leads to hot, dry summers and
wet winters that result in highly variable, episodic stream
flow (Behrens et al., 2013). Previous literature on Califor-
nia BBEs has found that water level fluctuations, breach
events, and maximum inundation extent tend to occur most
in spring and late fall due to fluvial discharge and wave
overtopping events, respectively. In contrast, inundation
extent and mouth state are fairly stable in summer (Clark &
O’Connor 2019). In addition to seasonal stream discharge,
these regions experience increased wave energy in win-
ter compared to summer (Harris et al., 2002). These pat-
terns may be particularly important for small inlets where
the closure pattern is primarily governed by the seasonal
cycles in wave height and river flow, while at the interan-
nual scale, closures are more strongly related to river flow
(Behrens et al., 2009; Orescanin et al., 2021). Alongside
seasonal variability, variability among years (e.g., due to
El Niflo Southern Oscillation pattern) and among systems
(e.g., due to size, hydrology) is substantial (Largier et al.,
2019).

BBEs’ sandbar formation and failure create unique sys-
tems that provide a multitude of ecosystem services. BBEs
contain robust and diverse habitats (Clark & O’Connor,
2019; Dawson et al., 2023) that provide numerous ecological
functions such as filtering pollutants out of the water, provid-
ing a protective habitat for endangered and threatened spe-
cies, and acting as nurseries for fish and invertebrates (Bar-
bier et al., 2013). Additionally, BBEs, like other estuaries,
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buffer coastal hazards such as storm surge, protecting struc-
tures behind them from flooding. Unlike permanently closed
estuaries, BBEs are more likely to keep pace with rising sea
levels precisely because of their intermittent closures, mak-
ing them particularly resilient to climate change (Thorne
et al., 2021).

Despite their environmental importance, BBEs, espe-
cially those in heavily urbanized environments, are subject
to a variety of anthropogenic activities that disrupt the tim-
ing, magnitude, and duration of estuarine processes (Dahl,
1990; Heady et al., 2015; Largier et al., 2019). For example,
BBE:s can pose a flood risk to adjacent development during
closures as water accumulates behind the sandbar. In these
cases, artificially managed breaching is a common flood
management practice (Behrens et al., 2013; Ranasinghe &
Pattiaratchi, 2003; Stretch & Parkinson, 2006). Managed
breaches are also used to allow passage of anadromous fish
species during spawning season (Goodwin & Cuffe, 1994).
Analyzing the natural opening and closure patterns of these
systems will assist managers in their understanding of man-
aged breaches’ impact on wildlife, flood protection, and
other valuable ecosystem services.

To support the management of such systems, the Cali-
fornia Legislature enacted the Marine Life Protection Act
(MLPA) in 1999. The MLPA includes protection for estuar-
ies and estuarine ecosystem services (among other coastal
systems) such as estuary function, structure, diversity, cul-
tural value, and educational value. Crucially, the MLPA
requires consistent monitoring of California’s network of
Marine Protected Areas (MPAs; Kirlin et al., 2013), which
include some BBEs. However, in situ data monitoring—the
historical means by which these ecosystems were moni-
tored—is time-intensive, physically demanding, and expen-
sive, thereby limiting resource managers’ capacity to engage
in consistent and robust monitoring across all of California’s
estuarine MPAs. Furthermore, for those MPAs that are well
monitored, there is a deficiency of sequential, historical data
upon which California’s resource managers can utilize to
understand estuaries and protect them from anthropogenic
impact.

While efforts to model and understand BBE closure
and opening dynamics have advanced (Behrens et al.,
2013; Rich & Keller, 2013; Orescanin & Scooler, 2018;
Orescanin et al., 2021), further research on the link
between various conditions, such as El Nifio Southern
Oscillation (ENSO), and closure pattern is still needed
(Thorne et al., 2021). By accessing historical closure
data, researchers and managers can overlay these data
with in situ data (such as ENSO condition, tide, and storm
surge) to better understand dynamics and inform infer-
ential models. Publicly available remotely sensed satel-
lite data can provide a more cost and time-efficient way
to gather information on California estuaries, especially
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when in situ monitoring is impractical. Remotely sensed
data also allows managers to complete long-term, retro-
spective analyses at high temporal and spatial resolution.
A high temporal resolution is essential because opening
and closure of the BBEs, and associated changes in inun-
dation, can occur rapidly, on the scale of hours. Similarly,
high spatial resolution is essential as estuary mouth open-
ings may be small, less than 10 meters (m), and vegeta-
tion surrounding the estuary may “hide” water underneath
if the pixel size is too large. Combining multiple satellite
sensors offers an opportunity to provide the temporal and
spatial resolution required to better understand these estu-
ary systems.

The objective of this research is to utilize remote sens-
ing to help California estuary managers better under-
stand historical and current estuary mouth state patterns
and associated inundation extent seasonally. To do this,
the study team created the California Estuary Assess-
ment (CEA) tool in Google Earth Engine (GEE). This
analysis utilizes remotely sensed satellite imagery from
Sentinel-2 MultiSpectral Instrument (MSI), Sentinel-1
C-band Synthetic Aperture Radar (C-SAR), and Plan-
etScope multispectral sensor data. The satellites and
their respective sensors measure surface reflectance and
backscatter intensity to examine estuary mouth state and
inundation from December 2018 to July 2021. The CEA
tool outperforms alternative remote sensing breach detec-
tion methods and successfully captures mouth state and
inundation based on its novel method and use of recently
available satellite data. This information can be used to
better inform and potentially forecast management needs
under changing climatic conditions. In this paper, we
use the CEA tool to investigate the seasonal variability
of mouth state and inundation extent. We hypothesized
that the number of open mouth state observations will
be highest in winter and early spring due to increased
river discharge and increased wave activity (Behrens
et al., 2013, Clark & O’Connor 2019), and as a result,
inundation extent will be more variable. Additionally,
we hypothesized that in the summer, BBEs will have
fewer changes in mouth state and inundation due to lower
amounts of river discharge and reduced wave action.

Methods
Data Acquisition

We acquired satellite imagery from Sentinel-2 MultiSpec-
tral Instrument (MSI) and Sentinel-1 C-Synthetic Aperture
Radar (C-SAR) through the Google Earth Engine cata-
log (Gorelick et al., 2017) and obtained PlanetScope data
through Planet Explorer (Planet Team, 2017, Table 1).

As referenced in Table 1, satellites have different tempo-
ral resolutions—how long it takes for the satellite to return
to the same location. Temporal resolution is displayed by
the number of days as the specific time each day may vary
due to ascending and descending orbits. Satellites also have
different spatial resolutions—the area of ground represented
by a single pixel. Satellite sensors collect data as bands,
where each band represents a certain wavelength of light
that reaches the sensor (Xu, 2006).

Sentinel-2 MSI data are collected by twin satellites,
Sentinel-2A and Sentinel-2B, in a sun-synchronous polar
orbit allowing for a temporal resolution of approximately
every 5 days. The MSI collects data in bands covering the
visible to short wave infrared portion of the electromagnetic
spectrum as radiation values (Elachi & van Zyl, 2006; Gon-
enc et al., 2019). Therefore, when the natural radiation is
hindered, for example by clouds, the instrument is not able
to capture an accurate ground image. The specific image
collection for Sentinel-2 MSI in GEE is Level 2A Surface
Reflectance data which means there is robust atmospheric
correction alongside scene classification (such as identifying
clouds and cloud shadows) that allows for further refinement
of the data through cloud masks and cloud filters discussed
in later sections (Copernicus Sentinel-2 MSI Level- 2A
Data, n.d.). While Sentinel-2 MSI has 13 bands at different
spatial resolutions, the researchers only used data at a 10 m
spatial resolution (bands of light representing red, green,
blue, and near-infrared) to analyze the estuary mouth state
and inundation extent. The 60 m quality assurance (QA60)
band was also used to identify cloudy images.

Sentinel-1 C-SAR data are also captured by two satellites,
Sentinel-1A and Sentinel-1B, in a polar orbit that captures
data both day and night and has a temporal resolution of 2 to

Table 1 Earth observation data acquired for Sentinel-2 MSI, Sentinel-1 C-SAR, and PlanetScope imagery

Platform and sensor Processing level Spatial resolution Spectral resolution Date range of avail-  Source Use
able data
Sentinel-2 MSI Level 2A SR 10,20, 60 m, ~5 day 13 bands December 2018 to ESA Surface reflectance

revisit
10 m, ~2-3 day
revisit

Sentinel-1 C-SAR  Level 1 GRD

PlanetScope Level 3A 3 m, ~1-2 day revisit 4 bands

5.405 GHz (HH, HV,
VYV, VH)

present
April 2014 to present ESA Backscatter intensity

June 2016 to present Planet Labs Surface reflectance
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3 days, depending on the latitude of study. Sentinel-1 C-SAR
uses active remote sensing, distinct from the passive sensing
of Sentinel-2 MSI. Sentinel-1 C-SAR uses a single band, the
C-band microwave region of the electromagnetic spectrum at
5.405 Gigahertz. An active sensor produces its own energy
and then records the amount of that energy reflected back
after interacting with the Earth’s surfaces, which is known
as backscatter (Elachi & van Zyl, 2006). C-SAR imagery
has a longer wavelength compared to optical, allowing it to
pass through clouds undisturbed to capture areas of inter-
est (Copernicus Sentinel-1 C-SAR Level 1 Data, n.d.). This
allows for a higher temporal frequency of data collection as
atmospheric interference or sunlight is not a concern. Given
the different but complementary traits of C-SAR imagery,
the researchers used this data at a 10 m spatial resolution
to augment inundation measurements using optical sensors.
PlanetScope data are collected from a constellation of
over 130 sun-synchronous satellites with a temporal resolu-
tion of every 1 to 2 days. This commercial sensor is also pas-
sive, and therefore, as with Sentinel-2 MSI, when the natural
radiation is hindered, for example by clouds, the satellite is
not able to capture an accurate ground image. The Planet-
Scope sensor is a multispectral instrument that captures four
bands of light ranging from the visible to near-infrared por-
tion of the electromagnetic spectrum. The sensor has a high
spatial resolution of approximately 3 m (Planet Team, 2017).
PlanetScope’s high temporal and spatial resolution made
it an appropriate dataset to verify the CEA tool’s estuary
mouth state analysis and visually inspect inundation levels.
Ultimately, we used GEE to access satellite sensor data
from Sentinel-2 MSI and Sentinel-1 C-SAR and create the
CEA tool. We then used PlanetScope’s high temporal and
spatial resolution data to determine the accuracy of our tool.
The CEA tool combines imagery from Sentinel-2 MSI and
Sentinel-1 C-SAR satellite sensors to create a comprehen-
sive visual package to understand estuarine dynamics.
Ancillary datasets used in this study included the United
States Fish and Wildlife Service (USFWS, 2018) National
Wetlands Inventory (NWI), United States Geological Survey
(USGS, 2019) 3D Elevation Project (USGS 3DEP) 1 m Dig-
ital Elevation Models (DEMs), and NOAA Coastal National
Elevation Database (CoNED, n.d.) 1 m DEMs. NOAA
CoNED DEMS represent a compilation of topography and
bathymetry data collected from 1986 to 2020. We used these
datasets to designate the five estuary study areas used in the
CEA tool. Water level data from Navarro (December 2018
through August 2020) and Russian River (December 2018
through June 2021) estuaries, courtesy of the Moss Landing
Marine Laboratories Coast Wetlands Group and Sonoma
Water respectively, were used to further validate the tool.
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Software

The primary software we used was the GEE JavaScript API
accessed through the web-based integrated development
environment, Earth Engine Code Editor. The GEE JavaS-
cript API was used to access imagery and create the CEA
tool. We used Esri ArcMap 10.7.1 to create the estuary
mouth state and inundation shapefiles and QGIS 3.28.3 to
create a hypsometric curve based on acquired digital ele-
vation models. Finally, Python 2.7 was used to assess the
accuracy of the CEA tool in comparison to InletTracker,
and RStudio 2023.09.0 +463 was used to assess seasonal
differences of estuary characteristics.

Study Area Selection

This study focuses on five of California’s numerous estuar-
ies: Navarro River Estuary, Russian River Estuary, Carmel
River Estuary, Malibu Lagoon, and Ventura River Estuary,
three of which are MPAs (Navarro, Russian, and Carmel;
Fig. 1). These five estuaries were selected primarily based
on their size and location. The team selected estuaries that
were large enough that changes could be detected by satellite
sensors but that were not so large that the estuary’s mouth
never closed or where changes were concealed by the sheer
scale of the system. The team also sought to work with estu-
aries that spanned California’s entire coastline rather than
focus on only one region of the state. Testing larger and
smaller sites allowed the researchers to determine the spatial
resolution limits of the CEA tool. Some of these estuaries
were also selected because there was existing in situ data
to which the team could compare its findings. For estuaries
with the highest mouth detection accuracy, Russian River
and Navarro, further analysis explored the relationship of
remotely sensed mouth state to inundation and the estuary’s
seasonal patterns.

Defining Estuary Boundaries

This project generated two shapefiles in ArcMap 10.7.1
specifically suited to detecting estuary mouth state and
estuary inundation extent separately. To create the estuary
inundation shapefile (Fig. 1), we overlapped the USFWS
NWI shapefile and a DEM clipped to include only areas
under 5 m in elevation. Depending on data availability for
the site, we used either a USGS 3DEP 1 m DEM or NOAAs
CoNED 1 m DEM. We then clipped the shapefile to include
only the landward side of the estuary. To create the estuary
mouth state shapefile, the researchers visually inspected the
imagery to see where breaches often occurred and placed a
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A. Navarro

Fig.1 The five selected estuary study sites and associated
image examples using ArcMap 10.7.1 Esri base map. The five
estuary inundation study areas are displayed in blue outline.
The estuary mouth points’ latitude and longitude are A Nav-
arro Mouth (39.190814°N, —123.760179°W), B Russian River

point at the center of the estuary mouth. We then created a
500 m buffer around this point for all sites except Malibu,
where a 250 m buffer was used due to the estuary’s small
mouth. We intersected the buffer with the inundation poly-
gon and excluded areas identified as land. This produced an
estuary mouth state polygon with areas extending from the
seaward side and landward side of the estuary mouth. We
then uploaded the estuary mouth state polygon and inunda-
tion polygon as assets to GEE.

Estuary Mouth State Detection

In GEE, we detected the estuary mouth state by assessing
the continuity of water pixels between the estuary and open
ocean using Sentinel-2 MSI imagery (Fig. 2A). To ensure
clear optical imagery, we applied two cloud filters. The first
cloud filter removed any image with greater than 20% cloud
cover in the entire Sentinel-2 MSI image based on the image
metadata. The researchers applied a second cloud filter
based on the Sentinel-2 MSI QA60 band. The QA60 band
is a quality assurance band provided at a 60 m resolution that
identifies dense clouds or cirrus clouds based on a pixel’s
reflectance. If the QA60 band detected any clouds in the
estuary mouth, those images were excluded from the analy-
sis. Because the two cloud filters assessed different aspects

B. Russian River

Mouth (38.449689°N, —123.128217°W), C Carmel Mouth
(36.537513°N, —121.928230°W), D Ventura Mouth (34.274826°N,
—119.308674°W), and E Malibu Mouth (34.033046°N,
—118.680511°W)

of the imagery—metadata and potential clouds within the
study areas—the double filter excluded more cloudy images
from analysis compared to if we had used only one cloud
filter.

After applying both cloud filters, we then calculated
the Normalized Difference Water Index (NDWI, Eq. 1) for
the Sentinel-2 MSI imagery (McFeeters, 1996). NDWTI is
commonly used in remote sensing of water extent (Ashok
et al., 2021; Heimhuber et al., 2021; Roca et al., 2022).
Each pixel of the image was assigned an NDWI value, and
this index was used to detect water pixels from non-water
pixels.

R(559) — R, ,(864)

NDWI =
R (559) + R ,(864) (1

In Eq. 1, R.((559) represents reflectance values at 559
nm and refers to the green band, while R (864) repre-
sents reflectance values at 864 nm and refers to the near-
infrared (NIR) band. On a scale of approximately — 0.8
to 0.8, low negative values indicate vegetation, values
near O indicate non-vegetated areas, and high positive
values indicate water. In an effort to create a water/non-
water binary, we investigated setting an NDWI threshold
of 0.0, 0.05, and 0.10. Based on a visual examination
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of the output binary from these different thresholds, we
selected an optimal threshold and included it in the CEA
tool, based on which one produced the highest accuracy
for the estuary mouth state analysis when compared to
visual inspection. After generating the water/non-water
binary, we filtered out small vestigial clusters of less
than 100 pixels—clusters likely due to waves and rocks.
We then used an object-based analysis to determine if
the estuary mouth was open (i.e., water pixels were con-
nected from the interior of the estuary to the ocean) or
closed (i.e., water pixels were not connected). If water
pixels were connected, the tool would detect a single
object and return a value of 1. If the water pixels were
not connected, the tool would detect two objects and
return a value of 2.

Fig.2 The California Estuary
Assessment Tool workflow to

Al

Inundation

We conducted an inundation analysis in GEE on the two
sites, Russian River and Navarro, with the highest mouth
detection accuracy compared to visual inspection (see the
“Estuary Mouth State Accuracy” section). First, the inunda-
tion shapefile was used to calculate the total area of inunda-
tion. Next, two methods were used to calculate inundation
extent: one using Sentinel-2 MSI imagery (Fig. 2B) and one
using Sentinel-1 C-SAR imagery (Fig. 2C). For the approach
using Sentinel-2 MSI imagery, we applied the same two
cloud filters used for the estuary mouth state analysis and
calculated NDWI to generate a water/non-binary image
using the same threshold as was selected for that site from
the estuary mouth state analysis.
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For the second inundation extent approach, we used
Sentinel-1 C-SAR imagery. In order to prepare the Sentinel-1
C-SAR imagery for analysis, we applied multiple preproc-
essing techniques. First, we converted the data from decibels
(dB) to natural values. Next, we employed the Refined Lee
Filter technique to reduce speckle, a phenomenon present
in SAR data where non-target backscatter distorts image
interpretation. The Refined Lee Filter is a recognized and
respected speckle reduction technique that “select[s] simi-
lar pixels to reinforce homogeneity according to eight non-
square windows as the templates” (Xing et al., 2017).

Having reduced speckle, we filtered the imagery by
sensor and incidence angle. We first separated Sentinel-1
C-SAR imagery by satellite (Sentinel-1A and Sentinel-1B)
due to minor calibration differences between each sensor
(Schmidt et al., 2020) and then separated the imagery into
near- or far-range bands based on the location of the study
site within the area covered by the sensor. A study site in
the near-range is closer to the sensor, and a study site in the
far-range is farther from the sensor. We used the incidence
angle to determine the location of the study site within the
area covered by the sensor. An angle between 36° and 40°
was selected as the midpoint to separate near and far-range.

After accounting for differences in the sensor and incidence
angle, we determined with visual inspection that the VV (verti-
cal transmit, vertical receive) polarization band in the near-range
was the most successful at discerning sand from water at estuary
mouths compared to the far-range and both iterations of the VH
(vertical transmit, horizontal receive) polarization band. Based
on these differences in polarization, the CEA tool filtered out
any image in the far-range and only ran an analysis on near-range
imagery in the VV band. This substantially reduced the number
of images in the image collection, thereby reducing temporal
resolution, but increased our confidence in the accuracy of the
results. From Navarro, 145 far-range images were removed from
atotal of 354 images for our study period, and for Russian River,
79 far-range images were removed from a total of 212 images.
Similar to thresholding the Sentinel-2 MSI imagery based on
NDWI values, we applied a threshold of 0.02 to the Sentinel-1B
C-SAR imagery and a threshold of 0.025 to the Sentinel-1A
C-SAR imagery in order to distinguish water pixels from non-
water pixels. We selected these thresholds after iterating through
arange of threshold values across several study sites and several
dates as a means of discerning which threshold performed best
at identifying estuary features compared to true color Sentinel-2
MSI imagery. Different thresholds were selected for Sentinel-1A
C-SAR and Sentinel-1B C-SAR due to the minor calibration
differences mentioned above. Having completed preprocess-
ing, we generated a water/non-water binary using the respective
thresholds for each sensor and interleaved the data from the two
different sensors into a single time series.

After creating image collections where all pixels are dis-
tinguished into binary classes of water/non-water for both

Sentinel-2 MSI and Sentinel-1 C-SAR, we determined the
total number of water pixels per image. We multiplied this
number by 100 (Sentinel-2 MSI and Sentinel-1 C-SAR have
a resolution of 10 m by 10 m per pixel) to get the area of
water in square meters. We then created a time series using
arunning 2-week average for the area values obtained from
Sentinel-2 MSI and Sentinel-1 C-SAR to reduce noise and
generate a smoother single-time series visualization (hence-
forth referred to as the combined running average). We chose
this window as it balanced smoothing out noise while also
capturing the rapid inundation changes characteristic of this
size of bar-built estuaries.

Accuracy Assessment

To determine the accuracy of the CEA tool’s estuary mouth
state analysis and inundation extent, we used a number of
cross comparisons which we detail in the following para-
graphs. For the estuary mouth state, we compared the CEA
tool to visual inspection of high-resolution satellite imagery,
to another remotely sensed tool called InletTracker, and to
inundation extent. For inundation extent, we compared both
outputs from Sentinel-1 C-SAR and Sentinel-2 MSI to each
other and then we compared their combined running aver-
age to in situ water level data and its derived hypsometric
inundation extent.

To determine the accuracy of the CEA tool’s estuary
mouth state analysis, we visually inspected imagery. Visual
inspection of imagery, especially of high spatial resolu-
tion imagery, such as that of PlanetScope, is an established
method to assess the accuracy of water masks produced by
coarser spatial resolution satellite imagery (Mukherjee et al.,
2024; Su et al., 2024). Every available Sentinel-2 MSI image
was recorded in one of four categories: open mouth state,
closed mouth state, cloudy, or uncertain. We designated an
image as uncertain when the mouth state was difficult to dis-
cern due to the imagery’s resolution of 10 m. We further
investigated Sentinel-2 MSI images that were deemed uncer-
tain by comparing them to higher resolution 3 m PlanetScope
imagery taken on the same day. If a Planet image on the
same date was available, the researchers changed the uncer-
tain designation to open or closed based on visual inspection
of higher-resolution imagery. If PlanetScope imagery was not
available, we left the designation as uncertain.

In addition to validating the CEA tool’s mouth state
detection by visually inspecting imagery, we compared these
results to InletTracker. InletTracker is an open-source, GEE-
enabled Python software package that uses Landsat 5, 7,
and 8 and Sentinel-2 MSI imagery to determine if an inlet
is open or closed. Specifically, InletTracker uses least-cost
analysis to infer whether an estuary inlet is open or closed
(Heimhuber et al., 2021). This tool first uses CoastSat, a
custom GEE-enabled Python package, to sharpen images
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and remove cloudy pixels. InletTracker then takes the images
processed in CoastSat and applies a least-cost pathfinding
approach. The least-cost pathfinding approach places a dif-
ferent weight on water and non-water pixels and keeps track
of the pixel values along the estuary berm (following the
shoreline) and the path of pixels across the estuary berm
(connecting the interior to the exterior of the estuary). It
evaluates the paths along and across the estuary berm to
determine if there is a large difference where the paths inter-
sect (suggesting an open estuary) or if there is a small differ-
ence (suggesting a closed estuary; Heimhuber et al., 2021).
We ran InletTracker with recommended metrics: a minimum
of ten open and ten closed designations for training data,
NIR for pathfinding, and NDWTI for analyzing the difference
between along and across berm paths.

Sentinel-2 MSI and Sentinel-1 C-SAR water/non-water
classes were also compared to one another on days when
there was available imagery from both sensors to assess dif-
ferences between the two inundation extent outputs. When
the CEA tool indicated an image had a very low inundation
level that was below what could be reasonably expected, that
image was removed from the analysis. Often, these images
were cloudy and should have initially been excluded.

Additionally, in situ water level data was used in conjunc-
tion with DEMs to derive inundation extent from a hyp-
sometric curve that was used to validate remotely sensed
inundation extent. First, we matched remotely sensed
observations with in situ observations by generating times-
tamps of imagery in the GEE time series and timestamps
of in situ data (in UTC time) and matching the data. Data
were matched as closely as possible with in situ data for the
time of image capture. We generated hypsometric curves
based on NOAA CoNED 1 m DEM. Hypsometric curves
are graphical representations of the area at different eleva-
tions. In an estuary or water body, they illustrate the extent
of inundated areas at different water levels. To validate the
CEA tool’s inundation extent, we used Pearson’s correlation
tests to compare the three CEA tool-generated inundation
products to in situ water level data as well as inundation
extent derived from hypsometric curves.

Finally, we compared remotely sensed inundation to
remotely sensed mouth state. We visually inspected changes
in inundation extent that occurred following changes in
mouth state. Then, we calculated median changes in relative
inundation extent (compared to the closest previous image)
associated with the relative mouth state. Here, relative mouth
state is defined as the relationship between detected estuary
mouth states of two sequential images within a 7-day period.
The four relative mouth states are “closed to open,” “stayed
open,” “open to closed,” and “stayed closed.” In other words,
we assessed if the CEA tool captured expected changes in
inundation extent associated with changes in mouth state.

@ Springer

Seasonality

To evaluate seasonal patterns of estuary mouth state and
inundation extent, we divided our time series into meteoro-
logical seasons. For estuary mouth state, we used Pearson’s
chi-squared test to assess seasonal differences in the distri-
bution of instances of detected mouth states. For inunda-
tion, we calculated the median relative inundation values
for each inundation metric (inundation extent and relative
values of inundation for each sensor and the combined run-
ning average) by season, where relative inundation is defined
as the inundation relative to the maximum verified inun-
dation during the study period. Additionally, we assessed
the variability of a 2-week average of Sentinel-1 C-SAR
and Sentinel-2 MSI-derived inundation values (measured
by variance) by season and tested the homogeneity of vari-
ances between seasons using Levene’s test and a Bonferroni
correction. This inundation product was selected for further
analysis because it smoothed noise and artifacts in images
and it correlated reasonably well with in situ data compared
to Sentinel-1 C-SAR and Sentinel-2 MSI (see “Inundation
Accuracy” section).

Results
Estuary Mouth State Accuracy

The CEA tool’s cloud filter accuracy ranged from 70 to 84%
compared to a visual inspection of the entire Sentinel-2 MSI
image collection. The CEA tool’s cloud filter is often over-
filtered—that is, it skipped images in the collection that were
actually cloud-free. Comparing the CEA tool cloud filter
to InletTracker’s, we found that InletTracker’s cloud filter
was more accurate, ranging from 88 to 91% across the five
study sites. However, while the CEA tool’s reduced number
of images decreased the temporal resolution of the estuary
mouth state analysis time series, it increased the detection
accuracy. Therefore, we made no changes to the CEA tool
to increase the number of frames.

In addition to the cloud filter, the NDWTI threshold proved
critical for the success of the CEA tool’s estuary mouth state
analysis. Previous studies have used a threshold of 0.1 to
extract water from Sentinel-2 MSI-derived NDWI images
(Kaplan & Avdan, 2017). In comparison, we found that dif-
ferent NDWI thresholds for each site increased the accuracy
of estuary mouth state analysis: 0.1 for Russian River and
Malibu; 0.05 for Navarro and Ventura; and 0.0 for Carmel.

The accuracy of the CEA tool’s estuary mouth state anal-
ysis compared to visual inspection of the imagery also varied
among sites. Russian River had the highest accuracy at 84%
(Table 2). Other estuaries varied in accuracy with Navarro
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Table2 Accuracy of’the CEA Accuracy of cloud filter compared  Accuracy of mouth analysis com- CEA and
tool and InletTracker’s cloud to visual inspection pared to visual inspection InletTracker
filter and estuary mouth state Agree
analysis when compared
to visual inspection of the CEA Tool InletTracker CEA Tool InletTracker
Sentinel-2 MSI collection for Navarro 889% 899 0% 5% 60%
each estuary
Russian 82% 91% 84% 44% 57%
Carmel 70% 89% 75% 70% 66%
Malibu 81% 91% 70% 68% 75%
Ventura 84% 88% 60% 24% 29%

at 80%, Carmel at 75%, Malibu at 70%, and Ventura at 60%
(Table 2).

In a comparison of the CEA tool estuary mouth state
analysis to that of InletTracker, we found that the CEA tool
outperformed InletTracker at our five study sites. InletTrack-
er’s accuracy was 52% at Navarro, 44% at Russian, 70%
at Carmel, 68% at Malibu, and 24% at Ventura (Table 2,
Supplementary Information Tables 1 and 2). InletTracker
ran on more images because its cloud filter did not filter
out as many images as the CEA tool, giving InletTracker
a higher temporal resolution but a lower accuracy due to
cloud obstruction. Because of this, the CEA tool provides
fewer observations within a given time period, and may miss
some instances of mouth closure and opening, but provides
a higher accuracy compared to InletTracker.

Inundation Accuracy

At Russian River, Sentinel-1 C-SAR-derived inundation
extent correlated more strongly with in situ water level data
and hypsometric curve data (Pearson’s correlation, R*= 0.23
and R?= 0.24, respectively) than Sentinel-2 MSI-derived
inundation extent did (Pearson’s correlation, R%*=0.07 and
R%*=0.07, respectively). At Navarro, however, Sentinel-1
C-SAR-derived inundation extent correlated weakly with
in situ water level data and hypsometric curve data (Pear-
son’s correlation, RZ= 0.06 and R*= 0.07, respectively), as
did Sentinel-2 MSI-derived inundation extent (Pearson’s cor-
relation, R*= 0.14 and R?>= 0.01) (Figs. 3A and 4A). Com-
pared to individual sensor measurements of inundation, the
2-week average of Sentinel-1 C-SAR and Sentinel-2 MSI
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Fig. 3 Inundation extent, water level, and mouth state at the Navarro
River Estuary from December 2018 to September 2020. A The CEA
tool’s satellite-derived inundation extent for Sentinel-1 C-SAR in
green, Sentinel-2 MSI in yellow, and their combined 2-week running

average in black. B In situ water level data is in blue and hypsometric
curve-derived area in pink. C CEA tool’s estuary mouth state with an
open mouth state is in blue and a closed mouth state in red
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Fig.4 Inundation extent, water level, and mouth state at Russian
River Estuary from December 2018 to July 2021. A The CEA tool’s
satellite-derived inundation extent for Sentinel-1 C-SAR in green,
Sentinel-2 MSI in yellow, and their combined 2-week running aver-

observations generally correlated more closely than individual
sensors (with the exception of Sentinel-1 C-SAR at Russian
River) with in situ water level data at Russian River (Pearson’s
correlation, R>= 0.21) and Navarro (Pearson’s correlation,
R*=0.17). Compared to in situ data, the combined running
average observations correlated substantially less closely with
hypsometric curve data (R*= 0.06 at Russian River, R?= 0.10
at Navarro River). In situ and hypsometric curve data were
positively correlated more strongly at Russian River (R>=
0.98) than at Navarro River (R*>= 0.51) (Figs. 3B and 4B).
Sentinel-1 C-SAR-derived inundation extent exhibited
more variability in the time series compared to that of
Sentinel-2 MSI. Although Sentinel-1 C-SAR and Sentinel-2
MSI results differed from each other, the time series of both
exhibited similar dips and peaks at each site that correlated
with available water level data (Figs. 3B and 4B). In situ

age in black. B In situ water level data is in blue and hypsometric
curve derived area in pink. C CEA tool’s estuary mouth state with an
open mouth state is in blue and a closed mouth state in red

data indicates a modest increase in water level in December
2019 at Navarro River. Satellite images in the period Decem-
ber 2019 through February 2020 are scarce, but after this
data gap, satellite data indicate a modest increase in March
2020. The satellite data then indicate decreases in water level
beginning in approximately June 2020 that continued until
approximately September 2020, which aligned with in situ
water level data.

Mouth State and Inundation Relationship Accuracy

We identified instances in which the CEA tool detected
mouth state change accurately and associated inundation
change successfully (Figs. 3C and 4C). Overall, both satel-
lite sensors detected decreases in inundation extent follow-
ing mouth state opening (“closed to open” state, Table 3),

Table 3 Median change in inundation extent for each relative mouth state by estuary for Sentinel-1 C-SAR (S1), Sentinel-2 MSI (S2), and the
combined 2-week running average of Sentinel-2 MSI and Sentinel-1 C-SAR (S1 and S2)

Navarro Russian

S1 S2 S1 and S2 S1 S2 S1 and S2
Closed to open —16.5% (n=2) —18.7% (n=13) +57% (n=4) —84% (n=1) —1.6% (n=12) 0.0% (n=12)
Stayed open NA (n=0) —7.0% (n=6) +3.6% (n=06) —14.5% (n=11) —0.4% (n=63) 0.0% (n= 64)
Open to closed +13.5(n=1) —04% (n=4) +37% (m=4) NAn=0) +4.3% (n=6) +0.3% (n=6)
Stayed closed +15.5% (n=28) —0.5% (n=28) 0.0% (n=28) +13.3% (n=4) - 1.5% (n=16) +1.2% (n=16)

Sample sizes of inundation measurements derived from Sentinel-2 MSI are larger than those derived from Sentinel-1 C-SAR because they more

often align with the Sentinel-2 MSI-derived mouth state observation
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with the exception of the combined running average. Larger
changes in inundation extent were detected at the Navarro
River Estuary for this relative mouth state compared to those
detected at the Russian River Estuary. For instance, at the
Navarro River Estuary, the changes in inundation following
a change in mouth state are clearly visible (Figs. 5 and 6).
In this case, the mouth changed from closed on February 7,
2020, to open on February 12, 2020. Using visual inspection
of true color imagery and comparison to in situ and hyp-
sometric data, we determined that this change was indeed
followed by a decrease in inundation. In this specific case,
however, only Sentinel-2 MSI detected a decrease in inun-
dation (18.7%). In contrast, Sentinel-1 C-SAR incorrectly
detected a 30.6% increase in inundation, likely due to the
sensor incorrectly identifying wet sand as water, thereby
overestimating inundation extent.

For the “open to closed” relative mouth state, the CEA
tool accurately detected increases in inundation extent
associated with mouth closure for Sentinel-2 MSI and the
combined running average at Russian River and Sentinel-1
C-SAR and the combined running average at Navarro River
(Table 3). Although there were not enough Sentinel-1
C-SAR images at Russian River to calculate median change
due to far-range images being filtered out and Sentinel-2
MSI images at Navarro River incorrectly calculated a slight
decrease in inundation, visual inspection reveals that the
imagery overall captures the expected outcome. For exam-
ple, at the Russian River Estuary, the mouth state changed
from open on November 19, 2019, to closed on Novem-
ber 21, 2019 (Figs. 7 and 8). Both Sentinel-1 C-SAR and
Sentinel-2 MSI detected increases in inundation follow-
ing this event, with increases in inundation of 23.4% and
11.1% for each satellite sensor, respectively. Further, these
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Fig.5 A comparison of the CEA tool’s mouth state, CEA tool’s
inundation extent, in situ water level data, and hypsometric inunda-
tion extent at Navarro River Estuary. The CEA tool detected a closed
mouth state on February 7, 2020 (red square), and an open mouth
state on February 12, 2020 (blue square). The CEA tool’s satellite-
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observations align with in situ water level data, indicating a
steady increase in water level as the water presumably pools
behind the bar within the estuary (Fig. 4).

For the “stayed open” relative mouth state, individual sat-
ellite sensors detected a slight decrease in inundation at both
sites. For the “stayed closed” relative mouth state, satellite
sensors indicated increases in inundation at both sites using
Sentinel-1 C-SAR imagery. There was a slight decrease
detected with Sentinel-2 MSI (Table 3). Overall, Sentinel-1
C-SAR imagery captured greater changes in inundation
extent compared to changes captured by Sentinel-2 MSI.
The combined running average of both sensors deviated
from individual sensor measurements for most mouth states.

Seasonal Patterns

Navarro River and Russian River exhibited very different
patterns of mouth state overall, as well as differing seasonal
patterns. Navarro River had a much higher proportion of
closed to open mouth state observations compared to Rus-
sian River such that the proportions were nearly inverted
(Fig. 9). While 30% of 83 Navarro mouth state observations
were of open mouth state, 26% of Russian River’s 146 mouth
state observations were of a closed mouth state. At Navarro
River, a closed mouth state was most frequently observed in
fall, followed by spring. The ratio of mouth state observa-
tions in fall differed significantly from spring and winter (p <
0.05). An open mouth state was most frequently observed in
spring followed by winter. At Russian River, in contrast, an
open mouth state was most frequently observed in fall, fol-
lowed closely by winter, spring, and summer. Closed mouth
state was detected fairly evenly across seasons, although
summer had slightly more closed mouth state observations
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derived inundation extent for Sentinel-1 C-SAR is in green, Sentinel-2
MSI in yellow, and their combined 2-week running average in
black. In situ water level data is in blue and hypsometric inundation
extent in pink
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Fig.6 Navarro River Estuary

. Navarro River Estuary: February 2020
change in mouth state from ¥ ¥

closed (Februar y 7, 2020) (left Before (Closed Mouth) After (Open Mouth)

column) to open (February

12, 2020) (right column) and
associated inundation extent
changes. A, B Sentinel-2 MSI
(S2) true color imagery; C, D
mouth state layer determining a
single object or two objects; E,
F PlanetScope Normalized Dif-
ference Water Index (NDWI);

G, H InletTracker S2 NDWI; I,
J S2 NDWI inundation binary;
K, L Sentinel-1 C-Synthetic
Aperture Radar (S1 C-SAR)
backscatter; M, N S1 C-SAR
inundation binary

E. February 7, 2020 - Planet Imagery NDWI

G. Image unavailable; S2 February 7, 2020
image was excluded by InletTracker’s cloud
filter from analysis.

= o
H. February 12, 2020 - InletTracker S2 NDWI
(determined open)

1. February 7, 2020 - S2 NDWI Inundation J. February 12, 2020 - S2 NDWI Inundation
Binary Binary

K. February 3, 2020 - S1 C-SAR

i
M. February 3, 2020 - S1 R Inundation Binary N. February 13, 2020 - S1 C-SAR Inundation

Binary
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than other seasons. The ratio of mouth state observations did
not differ significantly between seasons.

When comparing the median inundation extent by sea-
son, both estuaries and satellite sensors diverged from each
other (Table 4, Fig. 10). In all seasons except summer at both
estuaries, Sentinel-2 MSI detected higher inundation extents
compared to Sentinel-1 C-SAR. At Navarro River, the lowest
median inundation extent detected by the combined running
average occurred in summer, whereas the highest occurred in
winter (Fig. 10A). At Russian River, the lowest median inunda-
tion extent detected by the combined running average occurred
in summer whereas the highest occurred in fall (Fig. 10B).

Variability of inundation values varied widely between sea-
sons and between estuaries. At Navarro River, fall exhibited
significantly higher variance than all other seasons (Fig. 10A)
(winter and spring, p < 0.001; summer, p < 0.01). Summer
had the second highest variance, which differed significantly
from spring (p < 0.01). Spring exhibited the least variability,
followed by winter. In contrast, variability at Russian River
was highest for summer and spring (Fig. 10B). The variance
of summer values was significantly higher than fall (p < 0.001)
and winter (p < 0.01), and the variance of spring values was
significantly higher than fall (p < 0.01) and winter (p < 0.05).

Discussion
Accuracy

The CEA tool determined the estuary mouth state with high
accuracy compared to visual inspection. Past studies have
used multi-source, remotely sensed data to monitor wet-
land ecosystems (Guo et al., 2017), detect nearshore bars
(Roman-Rivera & Ellis, 2019), and even assess inundation

over time (Eid et al., 2020). However, our literature review
yielded only one major alternative methodology for detect-
ing the estuary mouth state, which was the InletTracker tool
(Heimhuber et al., 2021). As noted in Table 2, InletTracker
was more successful at filtering clouds compared to the CEA
tool; however, the CEA tool was more accurate at detecting
estuary mouth state at large estuaries. Due to differences
in filtering clouds, the CEA tool ran on fewer images than
InletTracker. InletTracker uses CoastSat, which has addi-
tional functions for image preprocessing and creates a more
robust cloud filter. This led the CEA tool to have a lower
temporal resolution because more images were excluded
from the analysis. Furthermore, images with clouds were
more frequently able to surpass the CEA cloud filter, some-
times resulting in an incorrect classification of the estuary
mouth state.

The CEA tool had higher accuracy compared to
InletTracker for the sites examined because of its unique
method for detecting the estuary mouth state. The CEA tool
uses an object-based approach while InletTracker uses a
least-cost pathfinding approach. The BBE study sites for the
CEA tool often had narrow sandbars closing off the estuary
with variable and sometimes distant breach locations north
or south of the primary inlet opening. Given InletTracker’s
least-cost pathfinding approach, the specific characteris-
tics of these estuaries sometimes resulted in InletTracker
misidentifying the narrowest part of sandbar as a breach.
In such instances, the CEA tool had higher accuracy for the
sites examined. However, InletTracker has the capacity to
be refined by changing the type of analysis and conducting
a visual inspection before producing results. For the sake of
comparing methodologies, these adjustments to InletTracker
were not investigated but could increase the tool’s accuracy.
InletTracker and the CEA tool complement one another by
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Fig.7 A comparison of the CEA tool’s mouth state, CEA tool’s inun-
dation extent, in situ water level data, and hypsometric inundation
extent at the Russian River Estuary. The CEA tool detected an open
mouth state on November 19, 2019 (blue square), and a closed mouth
state on November 21, 2019 (red square). The CEA tool’s satellite-

derived inundation extent for Sentinel-1 C-SAR is in green, Sentinel-2
MSI in yellow, and their combined 2-week running average in
black. In situ water level data is in blue and hypsometric inundation
extent in pink
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Fig.8 Russian River Estuary

. Russian River Estuary: November 2019
change in mouth state from

open (November 19, 2019) (left Before (Open Mouth) After (Closed Mouth)

column) to closed (November
21, 2019) (right column) and
associated inundation extent
changes. A, B Sentinel-2 MSI
(S2) true color imagery; C, D
mouth state layer determining a
single object or two objects; E,
F PlanetScope Normalized Dif-

A. Novembel: 19, 2019 - S2 True Color

ference Water Index (NDWI);
G, H InletTracker S2 NDWI; I,
J S2 NDWI inundation binary;
K, L Sentinel-1 C-SAR (S1
C-SAR) backscatter; M, N S1
C-SAR inundation binary

. ] L
G. November 19, 2019 - InletTracker NDWI H. November 21, 2019 - InletTracker NDWI
(determined open) (determined closed)

o R
1. November 19, 2019 - S2 NDWI Inundation J. November 21, 2019 - S2 NDWI Inundation
Binary Binary

M. November 11,2019 - SI C-SAR Inundation N. November 23, 2019 - S1 C-SAR Inundation
Binary Binary
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Fig.9 Observations of open estuary mouth states in blue and closed estuary mouth states in red for A Navarro River Estuary and B Russian
River Estuary

Table 4 Median relative inundation values for each season by estuary for Sentinel-1 C-SAR (S1), Sentinel-2 MSI (S2), and their combined
2-week running average (S1 and S2)

Navarro Russian
S1 S2 S1 and S2 S1 S2 S1 and S2
Fall 71.7% (n=42) 76.6% (n=19) 73.2% (n=55) 81.1% (n=27) 82.6% (n=39) 86.2% (n=58)
Winter 80.3% (n=50) 82.2% (n=15) 75.8% (n=63) 75.5% (n=28) 85.4% (n=35) 85.8% (n=60)
Spring 75.0% (n= 65) 79.1% (n=16) 73.0% (n="18) 67.3% (n=42) 77.5% (n=35) 74.6% (n="174)
Summer 73.5% (n=58) 69.9% (n=26) 71.5% (n= 82) 70.8% (n=40) 65.4% (n=36) 68.3% (n="172)
A Inundation Extents at Navarro River Estuary B Inundation Extents at Russian River Estuary
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Fig. 10 Distribution of inundation extent values for the combined 2-week running average of Sentinel-1 C-SAR and Sentinel-2 MSI by season at
A Navarro River Estuary and B Russian River Estuary
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providing different methodological approaches to investigate
changes in estuary mouth state over time.

Satellite-derived inundation extent was corroborated by
in situ data. Satellite-derived inundation extents from both
sensors had consistent trends. Upon visual inspection of the
imagery, Sentinel-2 MSI inundation was most accurate when
sun glint or algae did not interfere with the spectral signa-
ture of the water, and Sentinel-1 C-SAR was most accurate
when the water surface was smoother. Overall, Sentinel-1
C-SAR correlated more strongly with in situ water level
data than Sentinel-2 MSI. Neither sensor correlated par-
ticularly highly with in situ water level, likely because the
relationship between inundation and water level varies from
site to site and is not expected to be linear. These findings
are consistent with the established literature (Largier et al.,
2019). Inundation extent also did not correlate highly with
hypsometric curve data. This is likely due to errors in using
satellite imagery to estimate inundation extent and due to
morphological change. For this reason, the benefit of using
hypsometric data was determined to be limited in this case
study. Despite this, CEA tool-derived inundation metrics
such as relative inundation extent or change in inundation
may in the future be used in conjunction with other meas-
ures, such as last visible mouth state observation, to provide
more nuanced and higher resolution predictions of estuary
mouth state (e.g., by using an inferential model).

Median change in inundation extent by relative mouth
state (Table 3) in many instances aligns with the in situ water
level data for these two sites as well as previous research
characterizing bar-built estuaries (Clark & O’Connor, 2019).
A BBE mouth often opens from a closed state following
an increase in fluvial inputs and wave overtopping events,
increasing water levels and inundation extents. Therefore,
a breach event results in lower water levels inside the BBE
compared to the previous closed mouth state. Sentinel-1
C-SAR and Sentinel-2 MSI both detected decreases in inun-
dation following a mouth opening. However, the combined
running average of the two sensors did not detect decreases.
This may be because increasing inundation extents leading
up to a breach result in a positive mean. The increases in
inundation level for “stayed closed” state, as detected by
Sentinel-1 C-SAR, also concur with existing research on
BBEs, as water levels rise as they continue to receive fluvial
inputs. This further suggests that both sites did not expe-
rience substantial beach berm seepage and instead slowly
filled during their closed states. Similarly, a change from an
open to closed mouth state would be likely associated with
an increase in inundation extent as captured by the CEA
tool in this study. The CEA tool diverges from the literature
for the “stayed open” relative mouth state. In situ inunda-
tion extent changes in a “stayed open” condition are often
more variable due to daily fluctuations associated with ocean
tides (Bertin & Olabarrieta, 2016), whereas the CEA tool
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suggests a decrease in inundation extent at both sites for this
relative mouth state. The combined running average appears
to not capture sudden changes in inundation extent as well
as single-sensor observations do, but it may be better suited
for assessing longer-term changes in inundation extent over
time (for example, seasonally).

Seasonality

The proportion of open mouth state observations was highest
in spring and followed by winter at Navarro River (Fig. 9A),
while at Russian River, it was highest in fall followed by
winter (Fig. 9B). This differs slightly from our hypothesis
that open mouth state observations would be highest in win-
ter and early spring. This can be due to differing timing
or effect of river discharge or wave action in each of these
BBE:s. Further, our inundation extent variability results did
not align with our hypothesis that inundation extent would
be more variable in winter and spring. Instead, inundation
extent variability was more closely tied to the frequency of
mouth closure, which is further discussed below. Our find-
ings at both BBEs contradicted our original hypothesis that
summer would exhibit the least changes in mouth state and
inundation extent (Figs. 9 and 10).

Navarro River and Russian River varied in mouth state
and inundation extent patterns (Figs. 9 and 10). At Navarro,
the higher the ratio of closed to open mouth state observa-
tions, the more variance in inundation extent. For example,
in the fall, the ratio of closed to open mouth state obser-
vations is the highest (21:2) and inundation variability is
the highest. This holds true for all seasons. In other words,
inundation extent (and presumably water level) varies more
as the mouth closes more frequently and/or stays closed for
longer periods. This aligns with in situ water level data for
the period (Fig. 3B) which reveals steady increases in water
level (and presumably pooling) in summer 2019 and steady
decreases in water level (presumably seepage) during sum-
mer 2020, suggesting frequent and/or long mouth closures
in both periods.

At Russian River, the ratio of closed to open mouth state
does not correspond as neatly to the variability of inundation
as it does at Navarro River. However, the number of closed
mouth state observations appears to correspond slightly to
increasing variability of inundation extent in each season
(Fig. 9 and 10B). For example, the CEA tool collected the
highest number of closed mouth state observations in sum-
mer, which is when inundation extent was most variable.
This aligns with the in situ water level at Russian River,
which demonstrates high water level variability (and pre-
sumably inundation extent variability), particularly in sum-
mer 2019 (Fig. 4B).

Although the CEA tool cannot characterize closed mouth
state with certainty (i.e., distinguish between a closure after a
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brief, undetected opening versus a consistently closed mouth
state), a higher number of closed mouth state observations
can be interpreted as more frequent and/or longer mouth
closures. At both estuaries, increased variability in inunda-
tion extent is associated with more frequent/longer mouth
closures. At Navarro River, this variability occurs primarily
in fall, followed by summer. At Russian River, however, this
variability occurs primarily in summer, followed by spring.
Previous literature has found that BBE water level fluctuates
most in spring and late fall due to fluvial discharge and wave
overtopping events, respectively (Clark & O’Connor, 2019).
Russian River deviates notably from these findings, perhaps
because Clark and O’Conner (2019) summarize patterns of
BBEs, from which Russian River deviates. Other previous
research on historical closure records for Russian River finds
that most closures occur in October to November (Behrens
et al., 2013), from which our findings also differ. This may
be because closed mouth state observations do not neces-
sarily equate to the number of closures or because our time
period differs from that of Behrens et al. (2013).

Observed differences between Navarro River and Russian
River may be largely explained by management strategies.
Russian River is heavily managed, with 80% of breaches
since the 1960s conducted by public agencies (Behrens
et al., 2013). This may explain why the season of largest
inundation extent (winter) corresponds with the season with
the most open mouth state observations—breaches here are
frequently conducted for flood management purposes, result-
ing in artificial breaching when water levels are high (Lar-
gier et al., 2019). This may also explain why the seasons
with the highest median inundation values (fall and winter)
have the least amount of variability.

Application and Limitations

Previously, a lack of data on breaching has limited the vali-
dation of modeling efforts (such as those of Behrens et al.,
2013) on California BBEs. The CEA tool may be used to
validate this model at other sites beyond the Russian River.
Behrens et al. (2013) also note a lack of coincident years of
available data to assess the relationship between the ENSO
events or Pacific Decadal Oscillation cycles and mouth clo-
sure. By offering a retrospective view of closure events and
associated trends in inundation, the CEA tool may contribute
to filling that gap and providing enough data to complement
modeling efforts where they were previously data-limited.
Improved modeling efforts may then be used to forecast clo-
sures in the future, thereby improving the management of
estuarine systems.

While the CEA tool successfully assesses breach state and
inundation, it is not without limitations. The primary source
of error in the estuary mouth state analysis was incorrectly
interpreting an open mouth state as closed (Supplementary

Information Tables 1 and 2). Often, a perched mouth state
with a small stream connecting the estuary interior to the
ocean (i.e., Ventura and Carmel River Estuaries) was not
captured by the CEA tool. Rather, we found the tool would
more often correctly identify full breaches with wide streams
(i.e., Russian and Navarro River Estuaries). The most prob-
able reason for this is that the 10 m spatial resolution of the
imagery did not detect smaller streams. Another limitation
of the CEA tool is that it can only capture one image every
few days, while an estuary may fully open and close within
a day. Additionally, the differing spectral resolutions of
Sentinel-2 MSI and Sentinel-1 C-SAR may impact our results
for breach identification and inundation. As a multispectral
passive sensor, Sentinel-2 MSI uses rather broad sections
of reflected or emitted light for multiple wavelengths to
identify water—specifically, the reflected green wavelength
represented at 559 nm and near-infrared wavelength repre-
sented at 864 nm. In contrast, the active sensor of Sentinel-1
C-SAR has a VV response from a single wavelength (5.405
GHz) that is based on the physical properties (geometry and
electromagnetic properties) of the target. Because each sen-
sor relies on different physical properties to identify water,
their results may not align in both mouth state and inunda-
tion. This distinction is observed in the misidentification
of pixels as water or non-water for the inundation assess-
ments. Sentinel-1 C-SAR frequently misidentified sandbar
pixels as water and Sentinel-2 MSI frequently misidentified
pixels obscured by sun glint and algae. In many instances,
the Sentinel-2 MSI underestimated the inundation extent,
and conversely, Sentinel-1 C-SAR overestimated the inun-
dation extent by misidentifying sand pixels as water. Addi-
tionally, the Sentinel-1 C-SAR output sometimes misidenti-
fied rougher surface waters as land due to the more diffuse
backscatter they project. Similar to the estuary mouth state
analysis, the small size of these estuaries most likely meant
that the spatial resolution of the Sentinel-2 MSI and Sentinel-1
C-SAR products was too coarse to effectively detect the
true area of inundation for each estuary. However, the
high accuracy of the estuary mouth state detection and con-
sistency of inundation detection from both sensors indicate
that, with an understanding of limitations, the CEA tool is
accurate enough to use.

Potential further improvements in the CEA tool include
new methodologies and an expansion of the tool’s geo-
graphic and functional scope. The tool’s cloud filter could
be updated to increase the temporal resolution and accuracy
of the optical imagery. One potential revision to the method-
ology for Sentinel-1 C-SAR preprocessing techniques entails
comparing and enhancing data preparation with the work
of Mullissa et al. (2021), which showcases a more thorough
methodology for using Sentinel-1 C-SAR in GEE. Another
Sentinel-1 C-SAR methodology improvement involves uti-
lizing Sentinel-2 MSI imagery to systematically correct
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for Sentinel-1 C-SAR’s limitations. Further exploration of
supervised classification is also recommended for identify-
ing water/non-water areas. Possible expansions of the tool
include refining the currently measured water quality metrics
like sea surface temperature and turbidity analysis and add-
ing new water quality metrics, such as submerged aquatic
vegetation, colored dissolved organic matter, chlorophyll-
a, and transmissivity. Testing the tool at other sites would
increase the applicability and capacity of the tool.

Conclusions

The multiple habitats and high biodiversity characteristic of
BBEs are in large part due to varying water levels resulting
in variable inundation extents, as different habitats are suited
to differing periods and frequency of inundation (Behrens
et al., 2013). Of particular importance, however, are flooding
frequency and duration, which are positively correlated with
the health of BBEs (Largier et al., 2019; Clark & O’Connor,
2019). This study finds that closed mouth state is associated
with variability of inundation extent and therefore variable
marsh inundation. Further, we find substantial differences
in patterns of mouth state and inundation between two
BBEs—including nearly inverted ratios of open to closed
mouth state observations and differing seasonal timing of
peak inundation extent—highlighting the variability that
exists between individual systems. Because flooding period
is an important driver of estuary health (Clark & O’Connor,
2019) and breaching too frequently at low water levels can
permanently change habitats and estuary condition (Largier
et al., 2019), the historical record of inundation extent and
mouth state is critical for long-term planning and manage-
ment of BBEs.

A better understanding of the frequency, seasonality, and
duration of mouth closure is critical for estuary manage-
ment. With the CEA tool, estuary managers will be able to
better analyze patterns of estuary mouth closure and inun-
dation extent, informing key management decisions such as
the timing of managed breaches, frequency of dredging, and
sediment management. Compared to other tools to monitor
estuaries, including InletTracker, the CEA tool is unique in
providing a graphical user interface that does not require
coding knowledge, making it potentially more accessible for
estuary practitioners. Estuary managers can use the tool to
examine breaches from late 2018 to the present day as GEE
continually updates its image collections, allowing for retro-
spective and near real-time analysis. Furthermore, managers
of BBEs beyond our study sites will be able to apply this tool
for their own management purposes by simply creating and
uploading shapefiles for their own BBEs of interest.

The CEA tool is, at the time of writing, still pending
public release. Our Supplemental Information includes the
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ReadMe of the CEA Tool explaining the different functions
and parameters needed to run the tool. Once the code is
cleared through NASA’s software release, it will be avail-
able for public use at the NASA DEVELOP GitHub: https://
github.com/NASA-DEVELOP/. It will also be hosted on the
USC Sea Grant website here: https://dornsife.usc.edu/uscse
agrant/climate-change-and-coastal-studies/.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s12237-025-01545-w.
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