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Abstract

In recent years, our view of coastal ecosystems has expanded and come into
greater focus. We are currently making more types of observations over
larger areas and at higher frequencies than ever before. These advances are
timely, as coastal ecosystems are facing increasing pressures from climate
change and anthropogenic stressors. This article synthesizes recent litera-
ture on emerging technologies for coastal ecosystem monitoring, including
satellite monitoring, aerial and underwater drones, in situ sensor networks,
fiber optic systems, and community science observatories. We also describe
how advances in artificial intelligence and deep learning underpin all these
technologies by enabling insights to be drawn from increasingly large data
volumes.Evenwith these recent advances, there are still major gaps in coastal
ecosystem monitoring that must be addressed to manage coastal ecosystems
during a period of accelerating global change.
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INTRODUCTION

By their nature, coastal ecosystems are highly variable in space and time. Coastal zones are influ-
enced by dynamic physical processes that operate across a range of spatial and temporal scales,
such as tides, ocean currents, waves, storm surges, and climate cycles. Climatic gradients are steep
and climate variability is high around coastlines due to interactions between land and ocean.
Furthermore, coastal ecosystems are being particularly impacted by climate change and other
anthropogenic stressors (Doney et al. 2012, He & Silliman 2019). Because they are at the inter-
face of land and ocean, coastal ecosystems experience many different aspects of climate change,
including sea level rise, ocean acidification, increases in air and sea temperatures, changes in
precipitation, and changes in storm frequency and intensity. Coastal ecosystems are also expe-
riencing increased direct human impacts such as overfishing, pollution, habitat loss due to urban
or agriculture development, and saltwater intrusion from groundwater extraction (He & Silliman
2019).

Increasing pressures on the coastal zone are threatening these ecosystems and the many ser-
vices that they provide. It is estimated that more than 50% of the world’s coastal wetlands have
been lost during the past century (Davidson 2014), resulting in diminished biodiversity, increased
carbon emissions, and increased vulnerability to storm surges and sea level rise (Li et al. 2018).
Over the past 30–50 years, warm-water coral reefs have declined by a minimum of 50%. On-
going losses are expected due to warming temperatures, ocean acidification, and local stressors
such as pollution and overfishing (Hoegh-Guldberg et al. 2017). There are fewer data available
on changes in the global extent of kelp forests, but declines have been observed in many regions
(Krumhansl et al. 2016,Wernberg et al. 2019), and ocean warming presents an increasingly severe
threat to these ecosystems (Smale 2020). There has not yet been a clear global increase in the fre-
quency of harmful algal blooms (HABs) (Hallegraeff et al. 2021), but positive regional trends have
been documented and linked to interactions between increased temperatures and eutrophication
(Anderson et al. 2021).

To manage coastal ecosystems in the face of these challenges, scientists and managers need
more information on how these ecosystems are changing, the drivers of those changes, and how
ecosystems will respond to future changes in climate and other anthropogenic factors. Addressing
such questions begins with improved monitoring. Long-term monitoring over large spatial scales
is required to characterize the effects of global change, as separating anthropogenic effects from
natural variability is challenging for highly dynamic systems. On the other end of the spectrum,
short-lived episodic events, such as marine heatwaves, storms, and HABs, can have major impacts
on coastal ecosystems that may be missed by periodic sampling. Studying these short-lived events
requires observations at high spatial and temporal resolution. Furthermore, many physical and
biological processes require monitoring in the coastal zone. The scientific community has recog-
nized these needs and made substantial efforts to develop observing systems to monitor coastal
ecosystem dynamics.

Coastal ocean observing systems are networks of instruments, platforms, and technologies
designed to monitor and collect data on coastal ecosystems. A key component of these systems
is coordination among government agencies, academic organizations, and the private sector to
develop methods for collecting, processing, and analyzing data from disparate sources to inform
a wide variety of research and operational needs (Liu et al. 2015). This coordination has helped
to prioritize ocean observations, and international ocean observing systems have developed a
list of essential ocean variables (Lindstrom et al. 2012, Miloslavich et al. 2018), most of which
are relevant to coastal ecosystems. Further, all biology and ecosystem essential ocean variables
are applicable to coastal ecosystems. Communication and collaboration across coastal ocean

410 Cavanaugh et al.
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observing systems have helped accelerate the development of new technologies for monitoring
variables, such as high-frequency radar (Thomas et al. 2015) and Imaging FlowCytobots (Kudela
et al. 2021). These systems also coordinate the deployment, processing, and data management for
networks of sensors, thereby expanding the spatial and temporal coverage of coastal observations.
Support from coastal ocean observing systems has been instrumental in the development of new
technologies that have recently made substantial advances on three major observational fronts:
temporal extent and resolution, spatial extent and resolution, and measurable variables.

After describing each of these three categories of observational advancements, we synthesize
the literature on new technologies for monitoring coastal ecosystems, which include salt marshes,
mangrove forests, sandy beaches, rocky intertidal zones, seagrass beds, coral reefs, kelp forests, and
the nearshore pelagic zone. We focus on advances that have occurred over the past two decades
in six different categories of emerging technologies: satellite monitoring, aerial drones, underwa-
ter drones, networks of in situ sensors, fiber optic monitoring systems, and community science
observatories. In an Appendix, we also discuss how developments in analytic methods such as
machine learning (ML) and artificial intelligence (AI) are supporting each of these technological
developments.

OBSERVATIONAL ADVANCEMENTS: TIME, SPACE,
AND MEASURABLE VARIABLES

Technological advancements in coastal monitoring over the past two decades have resulted in
expansions in both the spatial and temporal coverage of observations within coastal ecosystems
(Figure 1). In addition, we can now leverage historical data and long-term monitoring programs
to identify trends in ecosystem characteristics like habitat extent (e.g., global mangrove cover;
Bunting et al. 2022) and population abundances (e.g., the sizes of penguin colonies; Jones et al.
2018). Rapid increases in the amount of data collected have necessitated advances in data process-
ing and analytic approaches to help scientists make sense of increasingly large amounts of data
(see the Appendix).

Coastal observations now have expanded temporal coverage thanks to both new technologies
and legacymonitoring systems that have been in place for decades.For example, newCubeSat con-
stellations and geostationary satellites are providing daily to hourly observations of ocean color
and coastal habitats, while efforts to cross-calibrate ocean color observations across satellite plat-
forms such as the Coastal Zone Color Scanner (CZCS), Sea-ViewingWide Field-of-View Sensor
(SeaWiFS), andModerate Resolution Imaging Spectroradiometer (MODIS) have resulted in time
series that span decades (Antoine et al. 2005). Improved connectivity and communication of in situ
sensors have enabled real-timemonitoring at high frequencies over long time periods (Glenn et al.
2000).

The spatial coverage of coastal observations has expanded due to increases in the density of in
situ sensors and in the spatial resolution of remote sensing datasets.There has been a large increase
in the availability of high-resolution satellite imagery of the coastal zone. In situ observational
systems are enabling large-scale monitoring of physical and biological variables using networks
of moorings, shore stations, and fiber optic cables. Advances in unoccupied aerial vehicles (UAVs)
and autonomous underwater vehicles (AUVs) are enabling very-high-resolution mapping above
and below the water’s surface. Additionally, community science programs are helping monitor
coral reef health, invasive species, sea level rise, and many other coastal processes.

At the same time, new methods enable measurements of more coastal processes with greater
accuracy than ever before. For example, algorithms have the potential to identify phytoplankton
functional types from hyperspectral satellite imagery (Kramer et al. 2022). Acoustic monitoring

www.annualreviews.org • Monitoring Coastal Ecosystem Dynamics 411
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Figure 1

Conceptual diagram showing the general spatial and temporal coverage of different categories of coastal
observing technologies in 2000 and 2024. Abbreviations: AUV, autonomous underwater vehicle; ROV,
remotely operated vehicle; UAV, unoccupied aerial vehicle.

systems are providing new information on multiple aspects of marine ecosystem structure and
function (Pieretti & Danovaro 2020). Environmental DNA (eDNA) is providing new approaches
for monitoring coastal biodiversity (Miya 2022). Underpinning all of these observational tech-
nologies are new analytic approaches to process and analyze increasing data volumes (see the
Appendix).

SATELLITE MONITORING

In recent years, growth in satellitemonitoring programs has provided scientists with greater spatial
and temporal coverage and resolution (Figure 1) and newways of measuring ecosystem condition.
Coastal applications of satellite-based multispectral, hyperspectral, thermal, and radar/lidar sen-
sors have been reviewed extensively (e.g.,Klemas 2011,Muller-Karger et al. 2018), andwhilemany
of these sensors no longer represent new technologies, the long-term nature of these datasets is
enabling novel insight into the ecosystem impacts of processes such as low-frequency climate os-
cillations and climate change (Bell et al. 2020a). For example, the Landsat program has provided
multispectral imagery of the coastal zone since 1972, with 30-m-resolution imagery from 1984
onward. Landsat and other global Earth observing satellites have been central in the development
of regional to global data on the extent of coastal habitats such as mangroves, salt marshes, kelp
forests, floating sargassum, and sandy beaches (Table 1). These data have been used to document
extensive mangrove deforestation (Hamilton & Casey 2016) and to support conservation efforts
that have resulted in a recent reduction in global mangrove loss rates (Friess et al. 2020). Ocean

412 Cavanaugh et al.
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color satellites such as CZCS, SeaWiFS, and MODIS have been used to monitor phytoplankton
biomass and productivity since the late 1970s and characterize climate-driven trends in global
ocean productivity (Behrenfeld et al. 2006), although remotely estimating phytoplankton abun-
dance in the coastal zone continues to present a significant challenge due to colored dissolved
organic matter, nutrient fertilization, and coastal sediment plumes (Dierssen 2010, Schofield et al.
2004). Satellite-based sea surface temperature time series are now of sufficient length to iden-
tify anomalous marine heatwaves, and these data have detected an 82% increase in the frequency
of marine heatwaves between 1982 and 2016 (Oliver et al. 2018). Spaceborne radar altimeters
have been monitoring sea level continuously over the open ocean for more than 30 years. These
global datasets typically do not yet include areas within ∼20 km of the coastline due to poor
sampling and inaccurate corrections; however, efforts to reprocess data from multiple sources and
new satellite systems such as NASA’s SurfaceWater and Ocean Topography mission are providing
higher-resolution ocean surface topography measurements closer to shore (Srinivasan & Tsontos
2023).

Spatial resolution has long been amajor limiting factor for large-scale remote sensing studies of
coastal ecosystems. Mapping many coastal ecosystems (e.g., submerged aquatic vegetation, coral
reefs, and small estuaries) requires high-resolution imagery (<5 m; Klemas 2011), and almost all
coastal ecosystems can benefit from higher-resolution observations. High-resolution multispec-
tral satellite imagery has been available for more than two decades from systems such as IKONOS
(4 m), QuickBird (2 m), WorldView (0.5–2 m), and GeoEye-1 (2 m). However, limited temporal
coverage and the relatively high cost of acquiring images limited most studies to areas of less
than hundreds of square kilometers and prohibited long-term repeated monitoring. Recently, the
development of commercial small satellite constellations (CubeSats) has provided global, high-
resolution,multispectral data with high repeat frequency at a relatively low cost.One of the largest
of these CubeSat constellations is PlanetScope, which provides 3-m-resolution multispectral im-
agery with near-daily global coverage. PlanetScope data have been used to estimate the extent of
the world’s coral reefs (Li et al. 2020) (Table 1), map small remnant patches of kelp following a
heatwave disturbance (Cavanaugh et al. 2023), monitor mangrove reforestation projects (Veettil
2022), and create high-resolution coastal bathymetry maps (Li et al. 2019).

Recent and planned satellite missions are also providing imagery with greater spectral res-
olution, i.e., the number of wavelength intervals that a sensor can measure. Increased spectral
resolution enables the monitoring of a greater variety of physical and biological processes in
the coastal zone. Hyperspectral imagery can help to go beyond mapping the extent of coastal
habitats to provide information on species’ physiology, such as giant kelp pigment concen-
trations (Bell & Siegel 2022), and differentiate salt marsh (Hladik et al. 2013) and mangrove
(Lassalle et al. 2023) species. Increased spectral information can also be used to retrieve the op-
tical properties of the water column and bottom reflectance, which enables improved mapping
of benthic habitats such as coral reefs (Thompson et al. 2017), seagrasses (Phinn et al. 2008),
and other submerged aquatic vegetation (Hestir et al. 2008). Furthermore, the ability to dif-
ferentiate phytoplankton pigments allows for insight into phytoplankton community structure
and may facilitate the identification of specific taxonomic groups such as those associated with
HABs (Dierssen et al. 2020, Kramer et al. 2022). Over the next five years, three new NASA
missions—Plankton, Aerosol, Cloud, Ocean Ecosystem (PACE; http://pace.gsfc.nasa.gov); Sur-
face Biology and Geology (SBG; http://sbg.jpl.nasa.gov); and the Geostationary Littoral
Imaging Radiometer (GLIMR; http://eos.unh.edu/glimr)—will provide new satellite-based hy-
perspectral data on global scales (Dierssen et al. 2023). Together, these programs will provide
regional to global coverage with high revisit frequencies, supporting a wide range of coastal
applications.
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UNOCCUPIED AERIAL VEHICLES

Aerial drones, also known as UAVs, have revolutionized the observation and study of coastal
ecosystems by providing very-high-resolution imagery and control over the timing of image
acquisition. These systems can be equipped with a variety of sensors, including color cameras;
multispectral, hyperspectral, and thermal imagers; and lidar (Olson & Anderson 2021), enabling
the mapping of complex coastal features like shoreline and sand dune dynamics and biological
communities like rocky intertidal systems with submeter geospatial accuracy.

UAVs can resolve centimeter-scale imagery over areas often in the tens of hectares in a sin-
gle flight (Figure 1). One primary use of UAVs is habitat mapping of coastal ecosystems such as
salt marshes, kelp forests, mangroves, and coral reefs. Salt marshes represent dynamic and het-
erogeneous landscapes that include multiple species of vegetation, ponds, channels, wrack, and
pans (Pennings & Bertness 2000). Imagery acquired from UAVs has been used to classify these
features and document fine-scale variability in wrack cover that affect vegetation density and in-
vertebrate abundance (Lynn et al. 2024).The ability to discern and discriminate plant species using
high-resolution UAV imagery has enabled the monitoring of salt marsh restoration (Haskins et al.
2021). This technology has also led to the identification of invasive plant species in salt marsh
systems (Cruz et al. 2023), which shows the potential use of UAVs to target invasive species erad-
ication efforts while minimizing the impacts of field surveys. The mapping of floating kelp forest
canopies using UAVs has enabled efficient and reproducible canopy classification methods to de-
termine the effect of tides and currents on canopy area and validation of satellite canopy biomass
estimates (Bell et al. 2020b, Cavanaugh et al. 2021). After a regional collapse of bull kelp forests
in California in 2014, UAV imagery was used to identify small remnant populations across thou-
sands of hectares (Saccomanno et al. 2023). In addition to maps of vegetation, UAVs can estimate
structural information by using structure-from-motion techniques or carrying a lidar instrument.
Surface wave properties can be leveraged in high-frame-rate imagery collected fromUAVs to esti-
mate the three-dimensional structure of aquatic targets such as coral reefs. This technique, known
as fluid lensing, utilizes refractive lensing to remove distortions and enhance the effective spatial
resolution of the resulting imagery (Chirayath & Instrella 2019). This promising technique has
led to accurate assessments of coral reef ecosystem health, where the heterogeneity of benthic
cover types and reef morphology is evident on centimeter scales.

The ability to decide the timing of UAV operations enables the monitoring of coastal ecosys-
tems over time and in response to events. This is especially important as many variables of
interest, such as intertidal habitats, are discernible only at specific tidal heights. For example,
high-resolution lidar point clouds generated from UAVs at low tide capture fine-scale ground-
level changes in heavily vegetated salt marshes, producing independent maps of vegetation and
ground height that can estimate vertical accretion and quantify the effect of storm disturbance
(Pinton et al. 2020b). Repeat flights across a tidal cycle have also been used to track surface flow
velocities in salt marsh tidal channels, where dye was released and imaged by UAVs to reduce the
effects of human perturbation on the data (Pinton et al. 2020a).

Perhaps no coastal ecosystem can benefit more from the advantages of UAVs than the rocky
intertidal zone. The position of the rocky intertidal zone as a narrow band along the coast, the
short tidal window when the lower intertidal zone is exposed, the difficult and hard-to-access
terrain, and the heterogeneous structure necessitate temporally nimble acquisitions and very-
high-resolution spatial data (Figure 2). Low-altitude UAV surveys can obtain color imagery at
<1-cm resolution and provide reliable estimates of canopy-forming algae and other dominant
organisms, although understory species obscured by the algal canopies may be underestimated
(Murfitt et al. 2017). Konar & Iken (2018) found that while observer visual surveys resulted in
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Figure 2

Data acquired with an unoccupied aerial vehicle from the southern coast of Allen Island, Maine, on July 17, 2022. The normalized
difference red edge index is a measure of vegetation cover; note the macroalgae cover along the edge of the coastline within the
intertidal zone. The digital elevation model was derived from the color imagery using the structure-from-motion technique.

data with the highest taxonomic richness, concurrent UAV surveys yielded similar results when
data were aggregated to lower taxonomic resolution. The use of multispectral imagery acquired
from UAVs can be used to distinguish macroalgae from other dominant cover types in the rocky
intertidal zone, and the combination of high spatial and nonvisible spectral information can more
accurately distinguish between macroalgal species compared with occupied aerial and satellite
imagery (Rossiter et al. 2020).

While aerial drones have significantly advanced coastal ecosystem research in recent years, they
come with notable limitations. Their usage remains constrained by limited battery life and flight
time, and regulations restrict airspace and flight distance.Weather conditions such as high winds,
rain, and fog present operational challenges, especially in the dynamic coastal environment. The
processing and analysis of the large volumes of data collected by drones demand substantial time
and specialized expertise, and there are significant gaps in data management and accessibility best
practices (Wyngaard et al. 2019).

AUTONOMOUS UNDERWATER VEHICLES

A new generation of AUVs is exploiting recent advances in low-cost edge computing hardware
and underwater sensing and communications technologies to serve as effective mobile sensing
platforms observing spatiotemporally evolving processes in the coastal ocean. For these in situ
data collection tasks, autonomous platforms bridge the gap between spatially dense but temporally
sparse manual surveys (e.g., by divers or research vessels) and temporally dense but spatially sparse
passive monitoring systems (e.g., moorings, buoys, and fixed seafloor sensors).

416 Cavanaugh et al.
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QUT RangerBot

Glider-type AUVsTorpedo-type AUVsROV-type AUVs

WHOI/WARPLab CUREE

ecoSUB Robotics ecoSUBm5

WHOI/Hydroid REMUS 600

Scripps/WHOI Spray glider

Teledyne Slocum G2 Glider

Figure 3

Example platforms for each of the three types of AUV systems. Photos by Austin Greene, WHOI (CUREE); Sheri White, WHOI,
Ocean Observatories Initiative (REMUS 600); Ben Allsup, Teledyne Webb Research (Slocum G2 Glider); QUT (RangerBot); ecoSUB
Robotics (ecoSUBm5); and Robert Todd,WHOI (Spray glider), adapted with permission. Abbreviations: AUV, autonomous
underwater vehicle; CUREE, Curious Underwater Robot for Ecosystem Exploration; QUT, Queensland University of Technology;
REMUS, Remote Environmental Measuring Units; WHOI,Woods Hole Oceanographic Institution.

AUV systems exist on a spectrum that trades off vehicle controllability versus vehicle endurance
(Figure 3;Table 2). At one end of the spectrum are remotely operated vehicle (ROV)–type AUVs
[e.g., the Curious Underwater Robot for Ecosystem Exploration (CUREE) (Girdhar et al. 2023)
and the RangerBot ROV] that have many thrusters and five or more degrees of freedom and are
ideal for missions in regions with high clutter, where precise positioning of the AUV and the abil-
ity to avoid obstacles is crucial. ROV-type AUVs carry high-resolution sensors that allow them to
achieve centimeter-scale localization to enable high-precision maneuverability. Imaging sonars,
cameras, and underwater lidar are all common in these vehicles. At the other end of the spectrum
are glider-type AUVs (e.g., the SlocumGlider; Schofield et al. 2014), which use buoyancy engines
as a power-efficient way to propel the AUV through the water column, allowing gliders to be
deployed for weeks to months at a time. To remain energy efficient, gliders typically have a very
limited sensor suite that measures basic parameters such as conductivity, temperature, and pres-
sure or use intermittent sampling with more power-intensive sensors such as active acoustics. In

Table 2 Approximate AUV capabilities by type of system

AUV type Mission duration Mission area Underwater localization
ROV 0.5–4 hours Hundreds of square meters GPS + visual odometry + USBL

(centimeter-scale accuracy)
Torpedo 1–5 days Tens of square kilometers USBL + DVL + GPS (meter-scale

accuracy)
Glider 2–8 weeks Hundreds of square

kilometers
GPS + dead reckoning (100-m-

scale accuracy)

Abbreviations: AUV, autonomous underwater vehicle; DVL, Doppler velocity log; GPS, Global Positioning System; ROV,
remotely operated vehicle; USBL, ultrashort baseline.
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Figure 4

Comparison of 24-hour sampling missions along a simulated salinity front for an AUV. Missions are planned using a 5-km grid. The
mission score is the percentage of mission total time spent along the front, defined as the 20% of the mission region with the highest
salinity gradient. Lawnmower patterns cannot fully sample the mission region before the battery is depleted. Adaptive sampling
produces a path that spends 61% more time along the front than the best-performing lawnmower. Abbreviation: AUV, autonomous
underwater vehicle.

between these two extremes lie torpedo-type AUVs such as Iver (Crowell 2013), ecoSUB (Phillips
et al. 2017), and the Remote Environmental Measuring Units (REMUS) family of AUVs (Allen
et al. 1997), which retain the energy-efficient hydrodynamic shape of glider-type AUVs while us-
ing a single thruster and control fins instead of the buoyancy engine of the glider. This allows
torpedo-type AUVs to move efficiently while maintaining level motion, which is ideal for large-
scale bathymetric surveys using sidescan or imaging sonars.Within each of these broad categories
there is considerable variation in capabilities, as individual AUVs make trade-offs among depth
rating, endurance, sensor payload, and many other factors.

What sets modern AUVs apart from their predecessors is the integration of real-time data
processing from the vehicle’s scientific and sensing payload into the autonomous control loop.
This allows an AUV to reason about its mission objective while the mission is underway and
adapt its behavior based on what it is observing to optimize its behavior for a scientific mission
objective, rather than simply following a preplanned mission such as one-dimensional transects
or boustrophedon (or lawnmower) area coverage. This adaptive behavior can result in significant
improvements in data quality and mission completion time, since compared with nonadaptive
methods, the AUV is not wasting valuable mission time sampling in low-value areas (Hollinger
& Sukhatme 2014) (Figure 4). While lawnmower-style AUV surveys already offered significant
cost and scalability improvements over occupied vessels, the efficiency of adaptive techniques can
compound these benefits, greatly expanding our ability to conduct science in the coastal ocean.

The effectiveness of adaptive autonomy for AUVs has been demonstrated across a wide range
of applications. Many physical variables, such as temperature and salinity, and some biological
variables, such as chlorophyll fluorescence, can be easily measured in real time by an AUV. By
mapping these variables over the study area, the AUV can then choose the trajectory that best
observes the variable of interest (Hwang et al. 2019). However, AUVs are not limited to using
only information collected by the vehicle during its mission. Predictive model output (Ford et al.
2022), remote sensing products (Dos Santos et al. 2019), datasets from prior missions (Das et al.
2015), and real-time updates from research vessels or other AUVs (McCammon et al. 2021) can all

418 Cavanaugh et al.
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be used as inputs to improve the adaptive AUV behavior by expanding the information available
to the decision-making algorithms beyond the limited view of the world provided by an AUV’s
own sensors. In shallower water, many AUV platforms use visual imagery as the input for adaptive
behaviors, a data stream that carries complex categorical data. These data can be used to classify
benthic habitat types with (Shields et al. 2020) or without ( Jamieson et al. 2021) a priori knowledge
of the different habitat classes. Visual data also allow AUVs to track large marine organisms such
as fish, rays, squid, or jellyfish without relying on acoustic tags (Cai et al. 2023). Sonar is another
common data source used by AUVs and is often used in underwater object identification and
mapping tasks (Palomeras et al. 2018) where the AUV must use a partial model of an underwater
object to select the next viewpoint that maximizes the amount of the scene that will be revealed by
the sonar. Finally, adaptive behavior also includes not only selecting which observations to make
but also how to make those observations. Dynamic trajectory generation allows AUVs to choose
energy-efficient paths, maximizing mission duration given onboard battery limitations (Kuhlman
et al. 2021).

IN SITU SENSOR NETWORKS

In situ observations from platforms such as anchored moorings, shore stations, coastal high-
frequency radar arrays, and ship-based sampling have historically been central to our understand-
ing of coastal ecosystems and are excellent sources of long-term data at high temporal frequency.
In the 1990s and 2000s, improvements in communications enabled widespread dissemination
of near-real-time observations, further improving the temporal coverage of these observations
(Glenn et al. 2000). However, a fundamental challenge with in situ observations is capturing the
high spatial variability in coastal physical and biological processes. One approach for addressing
this challenge has been the development and expansion of observational networks such as coastal
moorings (Bailey et al. 2019) and high-frequency radar arrays (Roarty et al. 2019), which has led
to expanded spatial coverage of in situ observations (Figure 1).

Cost reductions for mature technologies in the form of sensor miniaturization, lower-cost
platforms, and cheaper materials have been important in facilitating the expansion of in situ mon-
itoring networks given the historically high costs (for a review of this topic, see Z.A. Wang et al.
2019). Continued cost reductions should enable more variables to be observed within these net-
works. For example, low-cost spectrophotometric sensors have been developed for CO2 (Yang
et al. 2014) and nutrient measurements (Beaton et al. 2012), variables that are still relatively diffi-
cult to measure in situ. Improvements in spatial coverage have also been facilitated by advances in
deployment methods, such as the inclusion of multiple small sensors on a single platform (Rérolle
et al. 2018), the development of animal-borne sensors (Roquet et al. 2017), and the use of existing
coastal infrastructure such as piers as monitoring platforms (e.g., see the section titled Fiber Optic
Monitoring Systems) and ships of opportunity, including military, merchant, fishing, and private
vessels (Rosa et al. 2021).

In general, technologies for in situ monitoring of physical oceanographic and meteorological
variables tend to be more mature than biological sensors. However, there have been significant
recent advances in our ability to monitor biological processes. For example, new technologies for
automated monitoring of phytoplankton species diversity and toxin concentrations are enabling
the monitoring of HABs in coastal waters. The California Imaging FlowCytobot Network
and the HAB Observing Network–New England are two examples of networks of Imaging
FlowCytobots, which are automated microscopes that use ML to identify phytoplankton species
diversity and abundance (Dashkova et al. 2017). Other HAB sensing systems include automated
systems known as labs on a chip or labs in a can,which collect water samples and usemeasurements
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of ribosomal RNA or toxin concentrations to identify HABs (Scholin et al. 2009). For broader
investigations of coastal biodiversity, eDNA metabarcoding is increasingly being used to detect
multiple species from water samples (Miya 2022). One methodological challenge associated with
eDNA metabarcoding is the need for reference databases, as incomplete databases can lead to
false positives and negatives. However, collaborations among scientists are helping to enhance the
coverage of these databases (e.g., Stoeckle et al. 2020). eDNA analysis is typically conducted via
manual sampling, which limits the spatial and temporal coverage of studies, but technological ad-
vancements are reducing the cost and complexity of automated sampling systems (Hendricks et al.
2023).

FIBER OPTIC MONITORING SYSTEMS

Novel sensing methods with seafloor fiber optic cables have the potential to dramatically expand
the spatial and temporal coverage of coastal observations due to the relatively high density of ex-
isting fiber optic cables near coasts for telecommunication and other purposes (Figure 5) and the
potential for continuous measurements at meter scales (Figure 1). Fiber optic monitoring primar-
ily encompasses distributed temperature sensing (DTS) and distributed acoustic sensing (DAS).
Both DTS and DAS are established technologies, but their use in oceanographic settings is novel
and comes with unique challenges (e.g., Lindsey et al. 2019, Sinnett et al. 2020). An interrogator
connected to a fiber optic cable uses scattering of laser pulses to measure up to tens of kilome-
ters of fiber optic cable and can be used on either existing or purpose-deployed cables; while DTS
requires single-mode fiber,DAS can be used on either single- or multimode fiber.These technolo-
gies can facilitate the acquisition of precise information on physical variables that play a critical
role in comprehending both short- and long-term changes in coastal systems. These variables
include temperature, dynamic processes such as surface and internal waves, and upwelling. Such
seafloor measurements may be especially useful in shallow, coastal environments and can provide

Figure 5

Map of existing global seafloor telecommunication cables. Figure adapted from TeleGeography and
submarinecablemap.com (CC BY-SA 4.0). This figure is licensed under a Creative Commons
Attribution-ShareAlike 4.0 International (CC BY-SA 4.0) license.
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a critical complement to surface observations obtained from satellite or airborne sensing methods.
These methods have only recently been adopted by the ocean research community, and thus many
of the potential applications are still unexplored.

DTS uses Raman scattering of coherent pulses of laser light off impurities in glass fiber to
determine temperature profiles along a length of fiber optic cable (e.g., Hausner et al. 2011).
Measurements on scales of meters to kilometers are possible where the Raman frequency bands
in the backscattered light spectrum are influenced by the thermal state of the fiber. Calibration of
the raw DTS data to retrieve absolute temperatures is necessary, and measurement schemes must
balance trade-offs between spatial resolution and measurement precision, making it ideal for lo-
cations with strong thermal gradients (e.g., Reid et al. 2019). Spatially and temporally continuous
measurements of water temperature allow resolution of rapid and isolated changes in tempera-
ture in the nearshore, such as those from tidal fronts (Connolly & Kirincich 2019). DTS was also
previously used with a 4-km-long cable on a coral reef atoll to observe significant changes in tem-
perature associated with internal waves (Reid et al. 2019). Calculation of a spatially resolved heat
budget showed that internal waves have the potential to reduce thermal stresses on reef systems
but may also drive fluxes of nutrients onshore, resulting in calcification (Reid et al. 2019). These
types of observations allow for the connection between offshore physical processes and properties
in nearshore benthic ecosystems.

DAS uses the Rayleigh scattering of laser light off glass fiber impurities to quantify changes in
optical path length, which responds to strain on the fiber caused by acoustic and other perturba-
tions. While the most common oceanographic application of seafloor DAS to date is seismology
and earthquake monitoring, the frequency and spatial resolution have also been used to quan-
tify many physical oceanographic processes, including upwelling (Pelaez Quiñones et al. 2023),
surface wave attenuation and transformation (Glover et al. 2024, Smith et al. 2023), and internal
waves (Williams et al. 2023). Temperature anomalies resulting from internal waves and upwelling
events compare well with estimates from more traditional sensing methods at lower resolution
(Pelaez Quiñones et al. 2023). Using DAS for thermometry raises unique challenges, especially
for calibration methods and separation from other signals, but increases the possible coverage for
high-resolution temperature sensing in coastal environments. There is also potential to use DAS
for biodiversity monitoring, as these methods have been used to observe and monitor marine
mammals (namely, whales; Bouffaut et al. 2022), and acoustic monitoring seems to be a promising
application based on the utility of acoustic indices from other instrumentation.

Passive acoustic monitoring (e.g., from hydrophones) has increasingly been used to identify
abundances and habitat use in marine environments (Luczkovich et al. 2008). Marine mammals
are commonly observed as their calls propagate long distances, but soundscapes from other ma-
rine species, including fish, crustaceans, and other invertebrates, can also be monitored (Lindseth
& Lobel 2018). Acoustic indices, specifically, provide a tool for understanding marine biodiversity
trends and ecosystem health [see review by Pieretti & Danovaro (2020)]. Acoustic remote sensing
methods may also be able to monitor the health and variability in the coastal ecosystem vegetation,
such as measuring the gas bubbles associated with seagrass (Ballard et al. 2020). Even underwater
action cameras (e.g., GoPros) can be utilized as soundscape recordings, providing opportunities
for community science over widespread habitats (Chapuis et al. 2021) (see the section titled Com-
munity Science Observatories). The ability to monitor over large distances and long spatial scales
is a strength of ecoacoustics that will further benefit from applying the same methods to long
stretches of fiber enabled by DAS. In the future, monitoring acoustic indices with DAS should be
a priority for testing and exploration. However, data management and processing of acoustic data
are key challenges for scaling up that will only increase with the larger data volume and spatial
resolution. ML approaches will likely be critical to this transition (see the Appendix).
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COMMUNITY SCIENCE OBSERVATORIES

While science has long been the domain of experts, the world is full of people interested in the
ocean.This interest and the internet’s ability to connect large numbers of disparate people sharing
common interests have led to the rise of community science in a wide variety of coastal scientific
endeavors (Garcia-Soto et al. 2021). Interested individuals can now connect to a wide variety
of ocean science projects [e.g., on SciStarter (https://scistarter.org), which currently features
more than 150 ocean science projects]. These projects include direct in situ biodiversity obser-
vations recorded as part of coordinated projects, opportunistic data collection from smartphone
app-based projects (often with data processed by AI back ends), and efforts where scientists use
online platforms to offer data to participants for classification or annotation.

Biodiversity observingmay represent themost visible form of community science.Recreational
biodiversity observing activities, such as birdwatching, have long traditions in human society.More
recently, community science projects have sought to co-opt the passion of nature enthusiasts into
projects like eBird (Sullivan et al. 2009). In marine habitats, biodiversity observation is more diffi-
cult. Ocean biodiversity observing projects range in complexity, accommodating a wide variety of
expertise in participants. At one end are organizations like the Reef Environmental Educational
Foundation (REEF; https://reef.org), which focuses on opportunistic sampling by roving divers
who make qualitative observations of target species. Such organizations are easily accessible to
interested observers and are often accompanied by a great deal of outreach and promotion. They
can bring in large quantities of data, although the nature of the data can be biased toward certain
taxa and spatial areas. These efforts can have enormous value for heavily sampled taxa or regions
as well as connecting participants to conservation. At the other end are programs like Reef Check
(Hodgson 1999), which uses detailed survey design protocols and hence focuses a great deal of
effort on the training of participating community scientists. Often, scientists work alongside com-
munity members in such programs, providing highly detailed data, but with a potential trade-off
in extent of reach in terms of people and areas.Many of these efforts have incredible value region-
ally, connectingmembers of the community or student groups with localmuseum, conservation, or
academic institutions while providing high-quality data for use in management and conservation,
such as the intertidal Long-Term Monitoring Program and Experiential Training for Students
(LiMPETS) program in Northern California (Osborn 2003; https://limpets.org). Other efforts
fall somewhere in between, with scientists training or working with participants but using simpler
protocols where participants collect data directly on some organisms but for others collect im-
agery or other forms of samples for scientists to process later, such as the Reef Live Survey (Edgar
& Stuart-Smith 2014; https://reeflifesurvey.com).

As an extension of biodiversity observations, many community science programs have begun
collecting data using smartphone applications (Land-Zandstra et al. 2016). Using smartphones al-
lows community scientists to collect data quickly as part of an organized effort with a detailed sam-
pling design or independently and opportunistically. Most app-based community science projects
center on imagery collected by participants. This has the advantage of making data collection very
easy and linking imagery to algorithms to process images into quality data. Imagery can be used as
is with a reference, such as apps from the SandSnap beach grain size inventory (McFall et al. 2023)
and CoastSnap sea level rise monitoring program (Harley & Kinsela 2022), or judged against a
reference suggested to end users, such as apps to monitor water quality (Malthus et al. 2020).

Not all community science projects involve community scientists in the field.Online platforms
enable scientists to bring data to interested community scientists for analysis. These platforms
also create opportunities for education and capacity building. Perhaps the most prominent of
these sites is Zooniverse (https://zooniverse.org), a clearinghouse of projects designed using a
common web interface that can serve many kinds of data to community scientists. Projects at
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Zooniverse are typically designed around vast datasets comprising different media that require
some form of classifications by participants. The site started as Galaxy Zoo (https://galaxyzoo.
org), which works with community scientists to classify galaxies from the SloanDigital Sky Survey
(Lintott et al. 2008). The success of Galaxy Zoo brought many other projects to the site over
time. In terms of ocean sciences, online citizen science has been an enormous boon with a wide
variety of projects. Multiple projects focus on biodiversity observation for a variety of taxa, such
as Plankton Explorer (Robinson et al. 2017) and Penguin Watch ( Jones et al. 2018). At larger
scales, online platforms also create opportunities for community science projects that interact
with remote sensing data, such as the Floating Forests project, which serves Landsat imagery of
areas with giant kelp forests (Rosenthal et al. 2018; http://floatingforests.org).

Online citizen science projects also extend our ability to get data from the ocean by peer-
ing into the past. Many oceanographic records and biological specimens have become digitally
archived over the past few decades but often lack transcription of information. The Old Weather
project (Blaser 2014; https://oldweather.org) asks community scientists to transcribe meteoro-
logical records from captains’ logs in vessels from the 1700s to the present and has filled in a
wide variety of gaps in historical records of ocean conditions, enabling better climate modeling
and ocean forecasting. Beyond both scientific and community benefits, online community science
projects are easy to use to provide an authentic science experience for students and can improve
student outcomes (Rosenthal et al. 2024). Overall, community science is expanding the spatial
and temporal coverage of coastal observations by providing a flexible and cost-effective means of
collecting and analyzing a wide variety of data.

CONCLUSIONS

Over the past several decades, our capacity for observing coastal ecosystems has increased sig-
nificantly. Coordination of observations by coastal ocean observing systems has facilitated many
of these advances by helping standardize observational methods across monitoring networks, de-
velop data management systems, support the implementation of new observing technologies, and
prioritize observational variables. New imaging, acoustic, and genomic technologies are enabling
the monitoring of ecological and biological processes that were previously difficult to observe,
while new sensor platforms are expanding deployment capabilities. Advances in satellite monitor-
ing have further increased the spatial and temporal coverage of remote observations, which are
being supplemented by new UAV remote sensing tools. However, there are still gaps in our obser-
vational capabilities that need to be addressed.Here are five recommendations for future research
directions to continue advancing coastal ecosystem monitoring:

1. Improve connections between coastal monitoring and open ocean and terrestrial moni-
toring. Significant advances have been made in the spatial and temporal coverage of open
ocean observations (Claustre et al. 2020,McClain 2009); however, integrating data collected
from coastal and open ocean monitoring programs can be challenging due to differences
in methodologies, data formats, and quality control protocols. For example, the resolution
of most ocean color satellites has been too coarse to resolve important coastal processes.
Meanwhile, many higher-resolution, terrestrial-focused satellites do not provide the spec-
tral or temporal coverage necessary for ocean color measurements. NASA’s PACE mission
is addressing this challenge (Dierssen et al. 2023), but more work is needed to harmonize
and synthesize data between open ocean and coastal ecosystems. Similarly, there is a need
to better coordinate data collection and modeling between terrestrial and coastal ecosys-
tems. For example, increased exports of organic matter from terrestrial ecosystems to the
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coast have been linked to coastal water darkening, which has large implications for coastal
ecosystems (Opdal et al. 2023).

2. Maintain and expand long-term monitoring programs. Long-term data collection in the
coastal ocean is difficult and expensive, but the value of long-term data is increasing as the
need to monitor the impacts of climate change becomes more urgent. Continued funding
is needed to maintain coastal sensor networks and in situ surveys. Similarly, overlap be-
tween satellite missions is critical to facilitate the necessary cross-calibration across multiple
satellite systems.

3. Develop new observation platforms using existing infrastructure. Novel uses of existing in-
frastructure such as fiber optic cables, oil and offshore wind platforms, piers, and ships of
opportunity provide cost-effective ways to expand the spatial coverage of in situ measure-
ments. Another underutilized platform for coastal observations is cell phone mobile apps,
which can allow community-based reporting of coastal hazards, pollution incidents, and
wildlife sightings.

4. Improve monitoring of coastal biodiversity. We have made advances in monitoring bio-
logical and ecological processes, but there remain significant gaps in our ability to monitor
certain aspects of coastal ecosystems. Cryptic or rare species are still difficult to detect using
most in situ methods,many coastal regions are remote or difficult to access, and satellite im-
agery can only directly observe a relatively limited number of species. Promising directions
for addressing these data gaps include genomic methods (Miya 2022), community monitor-
ing programs (Otero et al. 2024), new satellites with improved spatial and spectral resolution
and radiometric quality (Muller-Karger et al. 2018), and models to link observable variables
to biodiversity (Kavanaugh et al. 2021).

5. Improve the latency and accessibility of data products. The last few decades have seen tech-
nological advances in communications that have dramatically increased data transmission
speeds for both in situ and satellite-based measurements (Glenn et al. 2000). Now, there is a
need to increase the speed at which data are processed, analyzed, and synthesized for coastal
managers, policymakers, and other stakeholders. For example, while significant progress
has been made in developing global maps of coastal habitat extent from satellite imagery
(Table 1), there is often a lag time of months to years before these datasets are updated.
Because insights derived from coastal observations also need to be delivered in formats that
are widely accessible, more effort should be devoted to creating user-friendly visualization
and analysis tools (e.g., Bell et al. 2023, Kudela et al. 2021).

APPENDIX: THE ROLE OF ARTIFICIAL INTELLIGENCE
IN MONITORING COASTAL ECOSYSTEM DYNAMICS

The proliferation of new coastal monitoring methods has led to a deluge of data.With individual
sensing platforms capable of generating terabytes of data across dozens of parameters daily, new
methods are necessary to help scientists interpret and draw conclusions from these large and high-
dimensional datasets.Many recent calls within various environmental disciplines have stressed big
data as a key strategy for addressing future challenges and furthering scientific understanding of
ecosystems (e.g., Edgar et al. 2016). Alongside each of those calls, researchers have identified AI as
a critical approach for wrangling big data and overcoming challenges stemming from four of the
five Vs that define big data: volume, variety, velocity, and veracity (Peters et al. 2014,Wüest et al.
2020). Furthermore, as the threats facing coastal ecosystems become more pressing and complex,
AI’s ability to rapidly process large volumes of data and integrate data across multiple sources and
disciplines will facilitate the adaptive management and real-time response to episodic events that
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complex systems require to ensure their continued conservation while balancing multiple uses and
ecosystem services (Edgar et al. 2016, Varadharajan et al. 2022).

Although ML has immense potential, several challenges need to be addressed to ensure its
proper implementation, including the risk of overfitting, difficulties in evaluating opaque black box
learning models, and the need to combine principled ecological theory with data-driven learning
(Zhu et al. 2023). Here, we highlight recent applications of ML in coastal monitoring and guide
researchers toward potential AI approaches to address data challenges.

First, to clarify some terminology that is frequently used interchangeably: AI is a broad um-
brella term referring to programming computers to mimic human intelligence and perform tasks;
ML is a subfield within the study of AI and refers specifically to the training of models with a
large number of parameters using statistical methods applied to approximate arbitrary functions
on large and high-dimensional datasets (Murphy 2012). Once trained, ML models can be applied
to rapidly analyze large quantities of ecological data, such as detecting animal species in an image
(Liu et al. 2019) or categorizing water quality (Nasir et al. 2022). Training methods fall into three
classes: supervised learning, unsupervised learning, and semisupervised learning. Supervised and
unsupervised learning are ML frameworks that use labeled and unlabeled data, respectively. Su-
pervised approaches require labeled data, which can be expensive and labor-intensive to produce,
limiting their usefulness in specialized scientific applications (Liu et al. 2019). Unsupervised ap-
proaches do not have this label bottleneck and instead attempt to reduce the dimensionality of
large datasets to a minimal set of variables that preserve key information (Doherty et al. 2018).
Semisupervised learning draws on strengths of both approaches when it is not possible to have
a lot of labeled data and, instead, uses a smaller amount of labeled data bolstered with abundant
and more readily obtainable unlabeled data (Doherty et al. 2018). Notably, reinforcement learn-
ing, also known as self-supervised learning, is a type of unsupervised learning commonly used in
robotics and agent-based learning applications. In reinforcement learning, instead of relying on
labeled data, an agent learns from the feedback it receives while interacting with the environment
(Anderlini et al. 2019).

To promote the adoption of ML in coastal ecosystem dynamics, here we highlight studies
that exemplify potential tasks that address monitoring needs and provide a guide (Figure 6) that
enumerates additional tasks and potential ML solutions. A primary application of ML in coastal
ecosystems is processing remotely sensed imagery, which has been successfully applied across the
spectrum of coastal ecosystems, including salt marshes, kelp forests, and seagrass meadows (Bell
et al. 2023, Ha et al. 2020, Li et al. 2020, Marquez et al. 2022). Image processing (whether of still
images from satellites/drones/cameras or video imagery) includes two common tasks: classification
and segmentation.With classification, a machine determines whether an evaluated image contains
the subject of interest (e.g., species or habitat type), while segmentation is when a machine also
determines where the subject is in the image, thereby allowing for measurements to be derived. As
sensor capabilities have increased, high-resolution multispectral drone imagery has increased our
knowledge andmapping of ecosystems globally.Yet achieving very-fine-scale (centimeter) imagery
of ocean environments remains challenging due to distortion from waves and attenuation of light
in water. NASA recently developed an algorithm (which itself is ML) to correct for this refraction
in imagery, allowing researchers to then employ supervised learning to classify coral reefs into
living versus nonliving maps (at centimeter-scale resolution) and segment those coral reefs into
reef types: mounding coral, branching coral, rock, or sand (Chirayath & Instrella 2019).

Another common task achieved through ML is interpreting the wealth of data available from
various long-term monitoring projects. Although expert models can simulate many dynamics and
processes, they are limited by the number of rules and parameters that scientists are aware of and
can implement ( Jain et al. 2020). In contrast, ML approaches use large numbers of parameters

www.annualreviews.org • Monitoring Coastal Ecosystem Dynamics 425



D
ow

nl
oa

de
d 

fr
om

 w
w

w
.a

nn
ua

lre
vi

ew
s.

or
g.

  U
ni

ve
rs

ity
 o

f M
as

sa
ch

us
et

ts
 -

 B
os

to
n 

(a
r-

26
05

49
) 

IP
:  

15
8.

12
1.

12
3.

14
1 

O
n:

 M
on

, 2
7 

O
ct

 2
02

5 
21

:2
1:

51

MA17_Art16_Cavanaugh ARjats.cls November 15, 2024 11:34

Unstructured data Structured dataType of data

Data format Image/video

Audio

Large amounts
of sensor data

Large amounts
of text

Data table
(e.g., CSV)

Target variable
(desired output)

properties

Target variable
categorical

Target variable
continuous

Target variable
unknown

Machine
learning
category

Supervised
learning 

Unsupervised
learning

Example
applications

Amount
of labeling

possible
NoneA littleA lot

Target variable
categorical or continuous

Machine
learning

approach

Semisupervised
learning

Decision trees,
logistic regression,

random forests,
arti�cial neural
networks, k-NN

Habitat mapping
and characterization,

tracking animals
and materials,

species identi�cation

Linear regression,
ARIMA, arti�cial
neural networks,

random forest
regression

Quanti�cation of
biomass or

disturbance intensity,
salt marsh restoration

assessments

Pseudo-labeling,
transfer learning,

generative models
(GPT), multitask

learning

Ecological/
environmental

indicators,
modeling ocean

CO2 �uxes

PCA, k-means,
autoencoders,

t-SNE

Tracking regime
shifts, determining

unique spatial
regions within a

broad area

Figure 6

Conceptual diagram of different deep learning analytic approaches. Abbreviations: ARIMA, autoregressive
integrated moving average; CSV, comma-separated values; GPT, generative pretrained transformer; k-NN,
k nearest neighbors; PCA, principal component analysis; t-SNE, t-distributed stochastic neighbor
embedding.

(in the hundreds of millions) to construct a model based on the trends exhibited in their training
datasets and thus do not rely on explicit physical models. These methods are often able to achieve
higher accuracies in complex systems ( Jain et al. 2020, Willard et al. 2022). For example, one
study achieved more accurate estimates of ocean–atmosphere CO2 fluxes over a 26-year time
period, thereby improving our estimate of the global carbon budget, using a two-step process of
clustering the data (unsupervised learning) followed by regression (supervised learning) (Watson
et al. 2020). Data-driven models can be challenging to train as they require a substantial amount
of computation and fine-tuning of the hyperparameters of the ML model to minimize the error
rates. Furthermore, there are limitations on the ability to transfer a model across similar domains
(Lumini & Nanni 2019). Blended approaches that combine principled theoretical models with
data-driven ML models can help address some of these issues in interpretability and achieve
faster and more robust training while maintaining the benefits of data-driven ML (Boukabara
et al. 2019).
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