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Abstract: Since 1971, remote sensing techniques have been used to map and monitor phenomena and
parameters of the coastal zone. However, updated reviews have only considered one phenomenon,
parameter, remote data source, platform, or geographic region. No review has offered an updated
overview of coastal phenomena and parameters that can be accurately mapped and monitored with
remote data. This systematic review was performed to achieve this purpose. A total of 15,141 papers
published from January 2021 to June 2023 were identified. The 1475 most cited papers were screened,
and 502 eligible papers were included. The Web of Science and Scopus databases were searched
using all possible combinations between two groups of keywords: all geographical names in coastal
areas and all remote data and platforms. The systematic review demonstrated that, to date, many
coastal phenomena (103) and parameters (39) can be mapped and monitored using remote data (e.g.,
coastline and land use and land cover changes, climate change, and coastal urban sprawl). Moreover,
the authors validated 91% of the retrieved parameters, retrieved from remote data 39 parameters
that were mapped or monitored 1158 times (88% of the parameters were combined together with
other parameters), monitored 75% of the parameters over time, and retrieved 69% of the parameters
from several remote data and compared the results with each other and with available products.
They obtained 48% of the parameters using different methods, and their results were compared with
each other and with available products. They combined 17% of the parameters that were retrieved
with GIS and model techniques. In conclusion, the authors addressed the requirements needed
to more effectively analyze coastal phenomena and parameters employing integrated approaches:
they retrieved the parameters from different remote data, merged different data and parameters,
compared different methods, and combined different techniques.

Keywords: coastline change; coastal zone; climate change; land use and land cover change; urban
sprawl; GIS; model; remote sensing techniques; integrated approaches

1. Introduction

Earth is defined as a coastal planet [1] because its coastline has an extent of about
1,634,701 km [2]. In other words, if the coastline could be stretched, it would go 402 times
around the equator [1]. Moreover, coastal areas are a very valuable resource. In 2016,
around 102,108.4 km2 of these areas were declared an “exclusive economic zone” [3]. They
provide the human population with many benefits (e.g., food, renewable and nonrenewable
resources, and services) [4]. The wide range of benefits make them favorite places for
permanent living, leisure, recreation, and tourism. Most people are concentrated in coastal
cities, and many of them have more than 10 million people [5]. In 2000, Kullenberg [6]
highlighted that 27 coastal cities had more than 1 million people, 12 cities had between 1 to
10 million people, 13 had between 10 to 20 million people, and 2 had more than 20 million
people. Moreover, these numbers are expected to grow. The Intergovernmental Panel
on Climate Change evaluated that 680 million people lived in coastal zones in 2019 and
predicted that the number will become more than one billion in 2050 [7].
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However, climate change has a great impact on coastal zones [8]. In 2019,
Oppenheimer et al. [9] underlined that “coastal ecosystems are already impacted by the
combination of sea level rise, other climate-related ocean changes, and adverse effects
from human activities on ocean and land (high confidence)”. Moreover, the continuous
interaction between humans and the land, sea, rivers, and atmosphere make coastal waters
very fragile [10]. Crain et al. [11] classified human threats into four categories: effects of
contaminants, eutrophication, habitat loss, and overexploitation of fishery resources.

Since 1971, remote sensing has been used to map and monitor coastal zone phenomena
and parameters [12,13]. To further demonstrate how remote sensing is very useful for
mapping and monitoring this valuable but vulnerable area, more than 500 reviews on
remote sensing application in coastal zones were published from 1971 to June 2023. A total
of 35 reviews published between 2021 and June 2023 were identified using the Web of
Science (WoS) and Scopus search engines (Table 1).

Table 1. Reviews on remote sensing for mapping and monitoring coastal phenomena and parameters.

Paper Publication
Year Publication Title

Number of
References Cited

in the Review

Citations
in WoS 1

Citations
in

Scopus 1

Adade et al. [14] 2021
Unmanned aerial vehicle (UAV)

applications in coastal zone
management—A review

41 30 36

Adebisi et al. [12] 2021

Advances in estimating sea level
rise: A review of tide gauge, satellite

altimetry and spatial data
science approaches

126 22 26

Apostolopoulos and
Nikolakopoulos [15] 2021

A review and meta-analysis of
remote sensing data, GIS methods,

materials and indices used for
monitoring the coastline evolution

over the last twenty years

171 35 42

Ashphaq et al. [16] 2021

Review of near-shore satellite
derived bathymetry: Classification

and account of five decades of
coastal bathymetry research

99 39 46

Bagheri-Gavkosh et al. [17] 2021 Land subsidence: A global challenge 91 66 74

Chaturvedi [18] 2021 Disaster management: Tsunami and
remote sensing technology 31 0 0

Datta et al. [19] 2021
Monitoring the spread of water
hyacinth (Pontederia crassipes):

Challenges and future developments
74 23 33

Gijsman et al. [20] 2021
Nature-based engineering: A review

on reducing coastal flood risk
with mangroves

215 31 36

Gupana et al. [21] 2021

Remote sensing of sun-induced
chlorophyll-a fluorescence in inland

and coastal waters: Current state
and future prospects

129 23 26

Kieu and Law [22] 2021

Remote sensing of coastal
hydro-environment with portable

unmanned aerial vehicles (pUAVs) a
state-of-the-art review

111 9 10

Murthy et al. [23] 2021 Three decades of Indian remote
sensing in coastal research 52 2 2

Parthasarathy and Deka
[24] 2021

Remote sensing and GIS application
in assessment of coastal vulnerability

and shoreline changes: A review
112 - 31

Rossi et al. [25] 2021 Measurement of sea waves 220 15 15
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Table 1. Cont.

Paper Publication
Year Publication Title

Number of
References Cited

in the Review

Citations
in WoS 1

Citations
in

Scopus 1

Thamaga et al. [26] 2021
Advances in satellite remote sensing

of the wetland ecosystems in
Sub-Saharan Africa

152 19 18

Topouzelis et al. [27] 2021
Floating marine litter detection

algorithms and techniques using
optical remote sensing data: A review

46 33 38

Wen et al. [28] 2021

A review of quantifying pCO2 in
inland waters with a global
perspective: Challenges and

prospects of implementing remote
sensing technology

111 4 8

Al-Shehhi and Abdul [29] 2022
Identifying algal bloom ‘hotspots’ in
marginal productive seas: A review

and geospatial analysis
125 0 2

Asif et al. [30] 2022
Environmental impacts and

challenges associated with oil spills
on shorelines

111 31 38

Gonçalves et al. [31] 2022
Beach litter survey by drones:

Mini-review and discussion of a
potential standardization

71 7 15

Cazenave and Moreira [32] 2022
Contemporary sea-level changes

from global to local
scales: a review

185 11 15

Morgan et al. [33] 2022 Unmanned aerial remote sensing of
coastal vegetation: A review 47 13 9

Tran et al. [34] 2022 A review of spectral indices for
mangrove remote sensing 282 17 17

Veettil et al. [35] 2022
Coastal and marine plastic litter

monitoring using remote
sensing: A review

108 13 14

Vigouroux and
Destouni [36] 2022

Gap identification in coastal
eutrophication research—Scoping
review for the Baltic system case

82 5 5

Adjovu et al. [37] 2023

Overview of the application of
remote sensing in effective

monitoring of water
quality parameters

213 9 11

Ankrah et al. [38] 2023

Shoreline change and coastal erosion
in West Africa: A systematic review

of research progress and
policy recommendation

102 6 6

Boukhennaf and
Mezouar [39] 2023

Long and short-term evolution of the
Algerian coastline using remote

sensing and GIS technology
108 0 0

Hauser et al. [40] 2023
Satellite remote sensing of surface

winds, waves,
and currents: Where are we now?

381 3 4

Hu et al. [41] 2023

Mapping Ulva prolifera green tides
from space: A revisit
on algorithm design
and data products

81 13 14

Kim et al. [42] 2023
Remote sensing of sea surface

salinity: Challenges
and research directions

143 3 4

Rolim et al. [43] 2023 Remote sensing for mapping algal
blooms in freshwater lakes: A review 112 7 7
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Table 1. Cont.

Paper Publication
Year Publication Title

Number of
References Cited

in the Review

Citations
in WoS 1

Citations
in

Scopus 1

Schwartz-Belkin and
Portman [44] 2023

A review of geospatial technologies
for improving Marine spatial

planning: Challenges
and opportunities

285 4 5

Tsiakos and Chalkias [45] 2023

Use of machine learning and remote
sensing techniques for shoreline

monitoring: A review of
recent literature

111 7 8

Villalobos Perna et al. [46] 2023
Remote sensing and invasive plants

in coastal ecosystems: What we know
so far and future prospects

95 2 2

Yuan et al. [47] 2023

Marine environmental monitoring
with unmanned vehicle platforms:

Present applications and
future prospects

176 10 11

1 accessed on 8 January 2024.

Most reviews focused on a phenomenon and/or parameter, providing an overview
of papers that examined or monitored them (89%). Among these reviews, some selected
papers that analyzed only one study area (14%), whereas others selected papers that only
employed one type of sensor or methodology (18%) (Table 2).

Table 2. The analyzed reviews according to the phenomena and/or parameters examined, the study
area analyzed, and type of sensor or methodology employed.

One Phenomenon and/or
Parameter Examined One Study Area Analyzed One Type of Sensor or

Methodology Employed
Number of

Reviews

Algal blooms [43], bathymetry [16], carbon
dioxide [28], chlorophyll-a [21],

coastlines [15,24], floating marine litter [27],
invasive alien plants [46], mangroves [20], oil

spills [30], sea level [12,32], sea surface
salinity [42], subsidence [17], surface

wave [25], wind and current [40], tsunami [18],
Ulva (green algae) [41], water hyacinth [19],

water quality [37]

No No 20

Algal blooms [29], coastlines [38,39],
eutrophication research [36], vegetation [26]

Algerian coast [39], Arabian
gulf and sea [29], Baltic

sea [36], Sea of Oman [29],
Sub-Saharan Africa [26],

Red Sea [29],
West Africa [38]

No 5

Coastlines [45], mangroves [34], marine
spatial planning [44], floating marine litter

[31,35], vegetation [33]
No

Geospatial technology [44], high
spatial resolution images [35],
machine learning [45], spectral
indices [34], unmanned aerial

vehicles [31,33]

6

No No
Indian remote sensing

satellites [23], unmanned aerial
vehicles [14,22,47]

4

The other authors only considered coastal zone phenomena and parameters that
were mapped using Indian remote sensing satellites [23] or unmanned aerial vehicles
(UAVs) [14,22,47]. It is interesting to note that the authors who provided a comprehensive
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overview of the phenomena and parameters mapped using UAVs pointed out their lim-
ited use and advocated greater integration between satellite data and data collected by
UAVs [14,22,47].

Objectvives

In conclusion, the most recent reviews provide a limited overview of coastal zone
phenomena and parameters mapped and monitored using remote data. In other words,
these reviews do not provide an exhaustive overview of remote data, methods, and/or
approaches that might more effectively map and monitor these phenomena and parameters.
As a matter of fact, for more accurate mapping and monitoring, it is important to remem-
ber that coastal areas are characterized by small-scale mosaics of different habitats and
mainly affected by small-scale natural or man-made phenomena and that coastal waters
are characterized by high spatial and temporal variability of biochemical and physical
parameters [48].

Therefore, this paper provides an updated systematic review that aims to (a) identify
the coastal zone phenomena and parameters that can be mapped and monitored using
remote data, (b) examine how authors have addressed the required spatial, temporal, and
thematic requirements to more effectively analyze the coastal zone phenomena and param-
eters, (c) and provide readers with recommendations for meeting them. The systematic
review was carried out in accordance with the Preferred Reporting Items for Systematic
reviews and Meta-Analysis (PRISMA) statement [49]. The methodological approach em-
ployed in this systematic literature review is explained in Section 2, whereas the results,
discussion, and conclusions are presented in Sections 3–5, respectively.

2. Materials and Methods
2.1. Identification Criteria

This systematic literature review aims to provide readers with an updated overview
of research that has exploited remote sensing data to map and monitor the phenomena
and parameters of coastal zones. Because remote sensing is defined as a technique that
retrieves information without physical contact with the target under examination [50], this
study considered all kinds of remote sensing data acquired with any kind of platform
(from satellite to aircraft and from UAV to fixed platform). Therefore, the search string
used to initially identify papers was generated from all possible combinations between two
groups of keywords: the first group identified the coastal area from a geographical point of
view (i.e., “coastal waters”, “coasts”, “delta”, “estuarine”, “gulf”, and “lagoons”), while
the second group included remote data acquired by all types of platforms (i.e., “remote
sensing”, “remote sensed”, “satellite”, “drone”, “unmanned aerial vehicle”, “airborne”,
and “aircraft”). For this purpose, the WoS and Scopus search engines were used. It is
important to note that this systematic review provides an up-to-date overview that does
not claim to be exhaustive given around 100,000 papers have studied coastal zones since
1971. Papers that were published from January 2021 to June 2023 were analyzed.

2.2. Screening and Eligible Criteria

As the search engines identified 15,141 papers published in this time (blue rectangle
in Figure 1), the other criterion selected to screen the eligible papers was their number
of citations.

Because the number of citations increase over time, no single citation threshold was
fixed to papers that were published in different years. However, the number of papers
that have to be analyzed for each year was fixed to around 600 papers. This large number
was chosen to provide a meaningful sample of papers published during the period under
review. The green rectangle in Figure 1 shows the citation threshold and last search engine
access for each year of publication and the resulting number of papers screened.
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Therefore, the abstracts of these articles were analyzed to identify research that ex-
ploited remote data to map and/or monitor coastal phenomena and parameters. A total of
502 eligible papers were identified after excluding duplicates (yellow rectangle in Figure 1).
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3. Results
3.1. Remote Data

The analysis of 502 eligible papers highlighted that authors had used 1287 remote data
and 396 products that were available online to map and monitor coastal phenomena and
parameters. Among the remote data, 79%, 7%, 10%, and 4% of remote data were acquired
from satellite, airborne, UAV, and fix platforms, respectively. In addition, 10% of the satellite
data were characterized by high spatial resolutions (less than 10 m, e.g., WorldView images).
Therefore, 29% of all remote data were characterized by spatial resolutions less than 10 m,
and only 7% of the remote data were characterized by spatial resolutions greater than 100 m
(e.g., MODIS images). Passive sensors acquired 85% of the remote data, and hyperspectral
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sensors acquired 5% of the passive data. Regarding active satellite data, Sentinel-1 sensors
were the first to be employed. Regarding passive satellite data, Sentinel-2 sensors were the
first to be employed. Therefore, most authors preferred to utilize sensor data with high
temporal and spatial resolution, followed by sensors with high spectral resolution.

Atmospheric Correction

Because atmospheric correction is one of the major challenges in studying coastal
waters with remote data [51,52], most authors (76%) paid special attention to atmospheric
correction of passive data (e.g., Tavares et al. [52] and Vanhellemont and Ruddick [53]
compared the performance of the main atmospheric correction algorithms). Some authors
atmospherically corrected remote images that were acquired from different sensors and/or
in different times to compare their spectra and/or products (e.g., [54,55]). Others proposed
atmospheric correction algorithms (e.g., Luo et al. [56] developed a new algorithm to
atmospherically correct the HY-1C/D data and compared the corrected data with the
simultaneous Landsat data). Moreover, some authors also corrected the images by sun
glint contamination (e.g., [52,57,58]).

3.2. Available Products

In order to explain how the authors exploited the 396 products, a careful analysis was
performed. The following is an explanatory overview of them. Regarding chlorophyll-a
products, Nadhairi et al. [59], for example, employed the daily mean chlorophyll-a satellite
data (spatial resolution of 4 × 4 km) that were provided by the Copernicus Marine Environ-
mental Monitoring Center (CMEMS). Regarding the digital elevation model, Xu et al. [60],
for example, compared some products that play a critical role in flood simulation. Regard-
ing dissolved iron products, Zanaty et al. [61], for example, compared land use and land
cover maps with some water quality products that were provided by CMEMS to assess
the anthropogenic impacts on environmental sustainability. Regarding hydrodynamic
products, Brempong et al. [62], for example, utilized data produced by the Laboratory of
Geophysical and Oceanographic Spatial Studies of Toulouse to assess the major factors
contributing to coastal flooding. Regarding sea level altimetry products, Passaro et al. [63]
and Pujol et al. [64], for example, compared some products. Regarding sea surface salin-
ity products, Vazquez-Cuervo et al. [65], for example, analyzed the RSSSMAP (Remote
Sensing Systems 70 km Soil Moisture Active/Passive Derived Sea Surface Salinity L3) and
JPLSMAP (Jet Propulsion Laboratory Soil Moisture Active/Passive Derived Sea Surface
Salinity) products to identify sea surface temperature and sea surface salinity fronts along
the California coast. Regarding sea surface temperature products, Cavalli [66,67] and
Kartal [68], for example, exploited several products to analyze the prediction capabilities of
different models. Regarding primary production products, Tilstone et al. [69], for example,
analyzed some products of CMEMS.

In conclusion, some authors compared available products with each other to minimize
errors or with retrieved data to validate them, whereas others utilized available products
to provide a complete view of all variables. The overview not only highlighted how the
authors of the eligible papers utilized them but also showed that there are many coastal
parameters available online, therefore highlighting the increased need for remote data for
monitoring coastal areas.

Developed Tools

This increased need was also highlighted by many tools for extracting and analyzing
some coastal parameters, such as the Coastal Analyst System from Space Imagery Engine
(CASSIE), and (Digital Shoreline Analysis System (DSAS). CASSIE was developed to map
and analyze shorelines and is freely available from Google Earth Engine [70], while DSAS
was developed by the Woods Hole Coastal and Marine Science Center “to calculate rate-of-
change statistics from multiple historical shoreline positions” [71]. These tools, along with
others that were developed to atmospherically correct multispectral data (e.g., ACOLITE,
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POLYMER, and SeaWiFS Data Analysis System), were widely exploited by the authors of
the eligible papers (e.g., [53]).

3.3. Coastal Parameters Mapped and Monitored

A study of the eligible papers highlighted that the authors mapped or monitored
39 parameters. Their analysis also showed that some authors mapped only one parameter,
whereas others mapped multiple parameters. These parameters are listed in alphabetical
order in Table 3 (first column). The second column shows the number of papers that
mapped or monitored the parameter. Among these papers, the number of papers that
mapped only this parameter and the number of those that also mapped other parameters
are listed in the third and fourth columns, respectively.

Table 3. The parameters mapped or monitored by the authors of eligible papers.

Parameter
Number of Papers
that Analyzed the

Parameter

Number of Papers
that Mapped Only

the Parameter

Number of Papers that
Mapped the
Parameter

Together with Other
Parameters

Algae and macroalgae 40 13 27
Aquaculture systems 22 3 19

Aquatic vegetation and coral 18 0 18
Bathymetry, seabed, and tidal creeks 84 27 57

Chlorophyll-a 71 12 59
Colored dissolved organic matter 14 0 14

Current data 20 0 20
Depths of Secchi disk and euphotic layer 9 1 8
Diffuse attenuation coefficient at 490 nm 14 0 14

Digital surface model 84 18 66
Dissolved organic carbon 5 0 5

Dissolved iron and dissolved oxygen 4 0 4
Flood extent 10 1 9

Ice 7 1 6
Land surface temperature 11 1 10
Land use and land cover 152 8 144

Leaf area index 5 0 5
Mangroves 35 4 31

Marine litter 14 6 8
Nightlight and nighttime light intensity 5 0 5

Methane and oil 10 4 6
Particulate organic carbon 5 0 5

Photosynthetically active radiation 6 0 6
Phycocyanin 1 0 1

Plumes 9 1 8
Primary production 9 0 9

Salt marshes 9 0 9
Sea level anomaly and sea level rise 46 3 43

Sea surface salinity 17 1 16
Sea surface temperature 59 4 55

Shoreline 113 24 89
Soil salinization and soil moisture 10 1 9

Suspended sediments 30 1 29
Tidal data 28 0 28

Vegetation cover 98 0 98
Vegetation species 19 0 19

Water turbidity 17 0 17
Wave data 9 0 9
Wind data 39 4 35
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These parameters were mapped or monitored 1158 times in the 502 eligible papers:
the authors of 138 papers mapped or monitored only one parameter, whereas the authors
of the remaining 365 papers mapped or monitored several parameters together. Therefore,
the authors of the remaining 365 papers analyzed the 39 parameters 1019 times. In other
words, they analyzed an average of about three parameters in each research.

3.3.1. Algae and Macroalgae

The characteristics of the 40 eligible papers whose authors mapped algae or macroalgae
are summarized in Table A1. The authors exploited 69 remote data and 4 products that
were available online. Among the remote data, 65, 1, 2, and 1 were acquired from satellite,
aircraft, UAV, and fixed platforms, respectively. Among them, 1 was obtained from an
active sensor (Sentinel-1), and 65 were acquired from passive sensors. Among these remote
data, 62 were retrieved from multispectral sensors (the first sensor utilized was Sentinel-2,
followed by MODIS and Landsat sensors) and 6 were obtained from hyperspectral sensors
(the first sensor utilized was Huanjing-1A).

Most of the papers (88%) monitored algae or macroalgae over time (e.g., [72]), about
half of the papers (63%) compared different methods in order to minimize errors (e.g., [73]),
and 58% retrieved the algae or macroalgae from several remote data (e.g., [74]). Moreover, four
studies merged remote sensing techniques with models (e.g., Fernandes-Salvador et al. [75]
used satellite data and the results of oceanographic modeling for forecasting toxic harmful
algae for the Northeast Atlantic shellfish aquaculture industry) or Geographic information
system (GIS) techniques and (e.g., Izadi et al. [76] employed GIS technique).

3.3.2. Aquaculture Systems

The characteristics of the 21 eligible papers whose authors mapped aquaculture sys-
tems are summarized in Table A2. The authors exploited 36 satellite data and did not use
available products. Among the remote data, 33 were acquired from passive sensors and
3 were acquired from active sensors (Sentinel-1). Among the passive data, 30 were acquired
from multispectral sensors (Sentinel-2 sensors were the first to be employed, followed
by Landsat sensors) and 3 were retrieved from hyperspectral sensors (GaoFen5-HIS and
ZY1-02D-HIS sensors).

Most of the papers (90%) monitored aquaculture systems over time (e.g., [77]), about
half of the papers (48%) retrieved aquaculture systems from several remote data (e.g.,
Luo et al. [78] retrieved coastal aquaculture ponds from Google Earth, Landsat, and Sentinel-
2 images), and 38% compared different methods (e.g., [79]). Moreover, three studies com-
bined remote sensing techniques with models or GIS techniques (e.g., Cheng et al. [80]
matched the retrieved maps using the GIS technique).

3.3.3. Aquatic Vegetation and Coral

The characteristics of the 19 eligible papers whose authors mapped the aquatic vegeta-
tion and coral are summarized in Table A3. The authors exploited 20 remote data, which
were acquired from passive sensors and did not use products. Among the remote data,
11, 4, and 5 were acquired from satellite, aircraft, and UAV platforms, respectively. One
was obtained from an active sensor (airborne LIDAR) and 19 data were acquired from
passive sensors. Among these remote data, 18 were retrieved from multispectral sensors
(Sentinel-2 and UAV sensors were the first to be employed, followed by Landsat sensors)
and 1 was obtained from a hyperspectral airborne sensor (HyMap).

Most of the papers (84%) monitored aquatic vegetation or coral over time (e.g., [81]),
about half of the papers (58%) compared different methods (e.g., [82]), and 32% retrieved
these parameters from several remote data (e.g., Ade et al. [81] retrieved aquatic vegetation
from HyMap and Sentinel-2 images). Moreover, one study combined the remote sensing
technique with GIS techniques [82].
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3.3.4. Bathymetry, Seabed, and Tidal Creeks

The characteristics of the 84 eligible papers whose authors mapped the bathymetry,
seabed, and tidal creeks are summarized in Table A4. The authors exploited 96 remote
data and 29 products that were available online. Among the remote data, 56, 17, 14, and
9 were acquired from satellite, airborne, UAV, and fix platforms, respectively. Among these
data, 64 were acquired from passive sensors and 32 were acquired from active sensors
(9, 15, and 8 were acquired from fixed positions, airborne LIDAR, and ICESat-2 sensors,
respectively). Among the 64 data that were retrieved from passive sensors, 63 were obtained
from multispectral sensors (Sentinel-2 sensors were the first to be employed, followed by
MODIS and Landsat sensors) and 1 was obtained from a hyperspectral sensor (Zhuhai-1).

About half of the papers (58%) retrieved the bathymetry or seabed from several remote
data (e.g., Zhang et al. [83] retrieved bathymetry not only from ICESat-2 and airborne
LiDAR data but also from GaoFen-2, LandSat-8, and Sentinel-2 images), and 48% compared
different methods to obtain results with the lowest error (e.g., [84]). Moreover, 18 papers
merged the remote sensing technique with models or GIS techniques (e.g., Lebrec et al. [85]
matched the retrieved maps using the GIS technique).

3.3.5. Chlorophyll-a

The characteristics of the 71 eligible papers whose authors mapped chlorophyll-a
(Chl-a), which is the primary pigment of all types of phytoplankton [86], are summarized
in Table A5. The authors exploited 76 remote data and 30 available products. All remote
data were obtained from passive sensors (of them, 72, 1, 2, and 1 were acquired from
satellite, aircraft, platforms, UAV, and fixed platforms, respectively). Among these remote
data, 70 were acquired from multispectral sensors (Sentinel-2 sensors were the first to be
employed, followed by MODIS, Sentinel-3, Landsat, MERIS, and WorldView sensors) and
6 were acquired from hyperspectral sensors (the HICO sensor was the first to be employed,
followed by the PRISMA sensor).

About half of the papers (65%) monitored Chl-a concentrations over time (e.g., [69]),
49% compared different methods to obtain results with the lowest error (e.g., [87]), and
39% retrieved the Chl-a concentrations from several remote data (e.g., Masoud et al. [88] re-
trieved Chl-a concentrations from Landsat, Sentinel-2, and Sentinel-3 images and compared
them with CMEMS products). Moreover, 9 papers merged remote sensing techniques with
models or GIS techniques (e.g., Vaičiūtė et al. [89] also employed some data retrieved from
the SHYFEM model and Izadi et al. [76] also employed the GIS technique).

3.3.6. Colored Dissolved Organic Matter

The characteristics of the 14 eligible papers whose authors mapped colored dissolved
organic matter (CDOM), also called gelbstoffe, gilvin, or yellow matter [48], are summarized
in Table A6. The authors exploited 26 remote data and 3 products that were available online.
All remote data were obtained from multispectral satellite sensors (Sentinel-2 sensors were
the first to be employed, followed by Sentinel-3, Landsat, and MODIS sensors).

Most of the papers (93%) monitored CDOM over time (e.g., [90]), 64% compared
different methods to obtain results with the lowest error (e.g., [88]), and 57% retrieved
CDOM from several remote data (e.g., [88]). Moreover, two papers merged remote sensing
techniques with models or GIS techniques [75,86].

3.3.7. Current Data

The characteristics of the 20 eligible papers whose authors analyzed current data are
summarized in Table A7. The authors exploited 2 remote data and 18 products that were
available online. The remote data were obtained from active sensors: one was acquired
from a satellite (Sentinel-1) and one was obtained from a fixed platform (OMNI buoys).

Most of the papers (89%) monitored current over time (e.g., [91]), and 10 papers
merged remote sensing techniques with models (e.g., [92]) or GIS techniques (e.g., [91]).
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3.3.8. Depths of Secchi Disk and Euphotic Layer

The characteristics of the nine eligible papers whose authors mapped depths of Secchi
disk (Zsd) and euphotic layer (Zeu) [48] are summarized in Table A8. The authors exploited
11 remote data and 2 products that were available online. All remote data were acquired
from multispectral satellite sensors (Sentinel-2 sensors were the first to be employed,
followed by MERIS and MODIS sensors).

All papers monitored these parameters over time (e.g., [93]), about half of the papers
(67%) compared different methods or products in order to minimize errors (e.g., [94]), and
56% retrieved depths of Secchi disk and euphotic layer from several remote data (e.g.,
Yin et al. [95] retrieved Zeu from Landsat and Sentinel-3 data). Moreover, two papers
merged remote sensing techniques with models or GIS techniques [76,96].

3.3.9. Diffuse Attenuation Coefficient at 490 nm

The characteristics of the 14 eligible papers whose authors mapped diffuse attenuation
coefficient at 490 nm (Kd 490) [97] are summarized in Table A9. The authors exploited
13 remote data and 4 products that were available online. All remote data were acquired
from multispectral satellite sensors. MODIS images were the first to be employed, followed
by Sentinel-2 and then Sentinel-3 and Landsat data.

Most of these papers (93%) monitored this parameter over time (e.g., [95]), about half
of the papers (63%) compared different methods or products in order to minimize errors
(e.g., [98]), and 57% retrieved Kd (490) from several remote data (e.g., Joshi et al. [98] re-
trieved Kd (490) data from MODIS and SeaWiFS images). Moreover, three papers combined
remote sensing techniques with models or GIS techniques (e.g., [76]).

3.3.10. Digital Surface Model

The characteristics of the 84 eligible papers whose authors mapped the digital surface
model (DSM) are summarized in Table A10. The authors analyzed 60 remote data and
35 products that were available online. Among the remote data, 19, 13, 25, and 3 were
acquired from satellite, airborne, UAV, and fixed platforms, respectively. Among these
data, 50 were acquired from active sensors (airborne LIDAR sensors were the first to be
employed, followed by Sentinel-1 sensors), whereas 10 were obtained from passive sensors
(PLEIADES tri-stereo images were the first to be employed).

About half of the papers (58%) monitored DSM over time (e.g., [99]), 56% acquired
data from several platforms (e.g., Grottoli et al. [100] retrieved DSM from fixed position,
UAV, and airborne platforms), and 51% compared different methods to minimize errors
(e.g., [101]) and different data and products (e.g., [99]). Moreover, 15 papers merged remote
sensing techniques with models (e.g., [60]) or GIS techniques (e.g., [102]).

3.3.11. Dissolved Organic Carbon

The characteristics of the five eligible papers whose authors mapped dissolved organic
carbon (DOC) [48] are summarized in Table A11. The authors exploited eight multispectral
satellite data and did not use available products. The sensors utilized were MODIS, Landsat,
Sentinel-2, and Sentinel-3.

Most of these papers (80%) monitored DOC over time (e.g., [103]), whereas 40% of the
papers compared different methods to minimize errors (e.g., [104]) and exploited data that
were acquired from several platforms (e.g., Liu et al. [105] retrieved DOC from Landsat,
Sentinel-2, and Sentinel-3 images).

3.3.12. Dissolved Iron and Dissolved Oxygen

The characteristics of the four eligible papers whose authors mapped dissolved iron
and dissolved oxygen (DO) [48] are summarized in Table A12. The analysis of the pa-
pers highlighted that they exploited three available products and one remote image
(Sentinel-2 data [61]). All authors monitored dissolved iron and oxygen over time [61].
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3.3.13. Flood Extent

The characteristics of the 10 eligible papers whose authors mapped flood extent are
summarized in Table A13. The authors exploited nine remote data and five available
products. The remote data were obtained from satellite sensors: four were acquired from
active sensors (Sentinel-1), and five were acquired from passive sensors (Landsat sensors
were the first to be employed).

Most of these papers (90%) monitored flood extent over time (e.g., [106]), about
half of the papers (50%) compared different methods to obtain results with the low-
est error (e.g., [107]), and 50% retrieved this parameter from several remote data (e.g.,
Vu et al. [108] retrieved the flood extent from ASAR, MODIS, and TerraSAR-X). Moreover,
Munoz et al. [109] utilized the retrieved maps to calibrate hydrodynamic models, and
Nguyen et al. [110] computed flood risk combining hazard, exposure, and vulnerability
using hydrodynamic modeling.

3.3.14. Ice

The characteristics of the seven eligible papers whose authors mapped ice extent are
summarized in Table A14. The authors utilized three remote data and five products that
were available online. Among the remote data, two were acquired from passive satellite
sensors (MODIS and Sentinel-2 sensors) and one was acquired from fixed platforms (coastal
global navigation satellite system reflectometry).

Most of these papers (86%) monitored this parameter over time (e.g., [111]), whereas
one paper combined the retrieved maps with models [63].

3.3.15. Land Surface Temperature

The characteristics of the 11 eligible papers whose authors mapped land surface
temperature (LST) are summarized in Table A15. The authors exploited 13 remote data and
2 available products. All remote data were acquired from multispectral satellite sensors
(Landsat and MODIS sensors).

Most of these papers (91%) monitored LST over time (e.g., [112]), and 45% of the
papers retrieved this parameter from several remote data (e.g., [112]). Moreover, six papers
combined remote data with models (e.g., [113]).

3.3.16. Land Use and Land Cover

The characteristics of the 152 eligible papers whose authors mapped land use and land
cover (LU/LC) are summarized in Table A16. The authors analyzed 190 remote data and
16 available products. Among the remote data, 166, 10, 9, and 5 were acquired from satellite,
airborne, UAV, and fixed platforms, respectively. Among these data, 6 were obtained from
active sensors (GaoFen-3, Sentinel-1, and UVA sensors), whereas 190 were acquired from
passive sensors. Among these data, 158 were acquired from multispectral sensors (Landsat
sensors were the first to be employed, followed by Sentinel-2 sensors) and 17 were acquired
from hyperspectral sensors (GaoFen-5-HIS sensor was the first to be employed).

Most of these papers (77%) monitored LU/LC over time using different remote data
(e.g., [114]) and 54% of the papers retrieved this parameter from several remote data
(e.g., [115]). Moreover, 23 papers combined remote data with models (e.g., Acharyya et al. [116]
coupled SWAT and DSAS models for assessment of deltaic estuarine transformations of
rivers and also simulated SWAT models using LU/LC and shoreline maps retrieved from
remote data) or GIS (e.g., [117]).

3.3.17. Leaf Area Index

The characteristics of the five eligible papers whose authors mapped the leaf area
index (LAI) [118] are summarized in Table A17. The authors exploited nine remote data
and did not use available remote products. All data were acquired from passive sensors:
eight were obtained from satellite sensors (Sentinel-2 sensors were the first to be employed,
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followed by Landsat sensors and then SPOT and WorldView sensors) and one was acquired
from UAV multispectral sensors.

Most of these papers (80%) monitored LAI over time (e.g., [119]), whereas about half
of the papers (60%) compared different methods to minimize errors and retrieved this
parameter from several remote data (e.g., [120]).

3.3.18. Mangroves

The characteristics of the 35 eligible papers whose authors mapped mangroves are
summarized in Table A18. The authors analyzed 55 remote data and 6 products that were
available online. Among the remote data, 52, 2, and 1 were acquired from satellite, airborne,
and UAV platforms, respectively. Among these data, 4 were obtained from active sensors
(ALOS-2 and Sentinel-1 data), whereas 48 were acquired from passive sensors. Among
them, 44 were acquired from multispectral sensors (Landsat sensors were the first to be
employed, followed by Sentinel-2 sensors) and 4 were acquired from hyperspectral sensors
(GaoFen-5-HIS, HSI ZiYuan1-02D, Hyperion, and PRISMA sensors).

Most of these papers (77%) monitored mangroves over time (e.g., [121]), whereas
30% of the papers compared different data (e.g., [122]) and methods (e.g., [123]). Moreover,
four papers combined remote data with models (e.g., Gitau et al. [124] estimated the flood
extent in the delta using the hydrological model, and these data were compared with
mangrove and vegetation cover maps) and GIS (e.g., [124]).

3.3.19. Marine Litter

The characteristics of the 14 eligible papers whose authors mapped marine litter (i.e.,
“items that have been made or used by people and deliberately discarded, unintentionally
lost, or transported by winds and rivers, into the sea and on beaches” [125]) are summarized
in Table A19. The authors analyzed 14 remote data and 1 available product. Among the
remote data, 4, 2, 7, and 1 were acquired from satellite, airborne, UAV, and fixed platforms,
respectively. Among these data, one was obtained from an active sensor (GNSS-R systems)
in the laboratory, whereas 13 were acquired from passive sensors. Among these data,
11 were acquired from multispectral sensors (UAV multispectral sensors were the first to
be employed) and 2 were acquired from hyperspectral sensors (UAV hyperspectral and
PRISMA sensors).

About half of the papers (43%) compared different methods, 36% monitored marine
litter over time (e.g., [54]), two papers also used GIS [126,127], and one paper compared
different data [128].

3.3.20. “Fires and Thermal Anomalies”, Nightlight, and Nighttime Light Intensity

The characteristics of the five eligible papers whose authors analyzed “fires and
thermal anomalies”, nightlight, and nighttime light intensity are summarized in Table A20.
The authors did not retrieve maps from remote data and exploited five available products
that were provided by the Visible Infrared Imaging Radiometer Suite.

All papers monitored these parameters over time and combined remote data with
models (e.g., [129]) and GIS (e.g., [127]).

3.3.21. Methane and Oil

The characteristics of the 10 eligible papers whose authors mapped methane and
oil are summarized in Table A21. The authors analyzed 17 remote data and did not use
available products. Among the remote data, 14, 1, and 2 were acquired from satellite,
UAV, and fixed platforms, respectively. Among these data, 11 were obtained from active
sensors (Sentinel-1 sensors were the first to be employed), whereas 5 were acquired from
multispectral sensors (Landsat, Sentinel-2, WorldView sensors).

Most of these papers (80%) monitored these parameters over time (e.g., [130]), whereas
about half of the papers (30%) retrieved these parameters from several remote data
(e.g., [131]). Moreover, one paper also used models (i.e., [92]).
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3.3.22. Particulate Organic Carbon

The characteristics of the five eligible papers whose authors mapped particulate
organic carbon (POC) [48] are summarized in Table A22. The authors analyzed seven
available remote products and did not retrieve the maps from remote data.

Four papers monitored POC over time, compared different methods or products in
order to minimize errors, and combined remote data with models or GIS (e.g., [98]).

3.3.23. Photosynthetically Active Radiation

The characteristics of the six eligible papers whose authors mapped photosynthetically
active radiation (PAR) (i.e., the flux density of photons in the 400–700 nm waveband
incident per unit time on a unit surface [132]) are summarized in Table A23. The authors
analyzed six available products and did not retrieve maps from remote data.

All papers monitored PAR over time, and one study compared different methods and
different products [133].

3.3.24. Phycocyanin

The characteristics of the one eligible paper whose authors mapped phycocyanin [134]
are summarized in Table A24. The authors compared two maps retrieved from two
hyperspectral satellite data (HICO and PRISMA) using different methods and monitored
the parameter over time.

3.3.25. Plumes

The characteristics of the nine eligible papers whose authors mapped plumes are
summarized in Table A25. The authors analyzed 17 remote data and 1 available product.
Among the remote data, 16 and 1 were acquired from satellite and fixed platforms, respec-
tively. All remote data were acquired from multispectral sensors (Landsat sensors were
the first to be employed, followed by Sentinel-3 and MODIS and then MERIS and SeaWiFS
sensors). All authors compared different remote data and monitored plumes over time
(e.g., [135]).

3.3.26. Primary Production

The characteristics of the nine eligible papers whose authors mapped primary pro-
duction (PP) [136,137] are summarized in Table A26. The authors analyzed two remote
data and six available products. All remote data were acquired from multispectral satellite
sensors (MODIS and Landsat).

Most of these papers (89%) monitored PP over time (e.g., [138]), whereas about half
of the papers (44%) exploited different remote data (e.g., [139]) and compared the results
obtained with different methods (e.g., [138]).

3.3.27. Salt Marshes

The characteristics of the nine eligible papers whose authors mapped salt marshes are
summarized in Table A27. The authors analyzed 13 remote data and did not use available
products. Among the remote data, 9, 2, and 2 were acquired from satellite, UAV, and fixed
platforms, respectively. Among these data, 4 were obtained from active sensors (Sentinel-1
and UAV LIDAR), whereas 9 were acquired from passive sensors. Among them, 8 were
acquired from multispectral sensors (Sentinel-2 sensors were the first to be employed) and
1 was acquired from a hyperspectral sensor (ASD portable).

All papers monitored salt marshes over time (e.g., [140]), whereas about half of the
papers (56%) compared different methods to minimize errors (e.g., [141]) and 56% retrieved
this parameter from several remote data (e.g., [142]). Moreover, Zhang et al. [55] evalu-
ated the invasion process, ecological impact, and coastal protection function of Spartina
alterniflora using the saltmarsh classification and hydrodynamic modeling.



Remote Sens. 2024, 16, 446 15 of 83

3.3.28. Sea Level Anomaly and Sea Level Rise

The characteristics of the 46 eligible papers whose authors mapped sea level anomaly
(SLA) and sea level rise (SLR) are summarized in Table A28. The authors analyzed
7 remote data and 53 available products. Among the remote data, 3 and 1 were acquired
from satellite and fixed platforms, respectively. All these data were obtained from active
sensors (global navigation satellite systems were the first to be employed, followed by
Jason-3 altimeter).

Most of these papers (70%) monitored SLA or SLR over time (e.g., [143]), whereas
26% of the papers compared different methods (e.g., [144]) and 33% retrieved these param-
eters from several remote data or used several available products (e.g., [145]). Moreover,
eight papers combined remote data with models (e.g., Tsiaras et al. [146] assimilated SLA
and SST data in the hydrodynamic model) or GIS (e.g., [147]).

3.3.29. Sea Surface Salinity

The characteristics of the 17 eligible papers whose authors mapped sea surface salinity
(SSS) are summarized in Table A29. The authors analyzed 1 remote data and 16 available
products. The remote data were acquired from an active satellite sensor (GNSS-R). Most of
these papers (88%) monitored SSS over time (e.g., [148]).

3.3.30. Sea Surface Temperature

The characteristics of the 59 eligible papers whose authors mapped sea surface tem-
perature (SST) are summarized in Table A30. The authors analyzed 32 remote data and
52 available products. Among the remote data, 30, 1, and 1 data were acquired from
satellite, airborne, and UAV platforms, respectively. All remote data were acquired from
multispectral sensors (MODIS sensors were the first to be employed, followed by Landsat
sensors).

Most of these papers (88%) monitored SST over time (e.g., [149]), whereas about half
of the papers (54%) retrieved SST from several remote data (e.g., [68]) and 46% compared
different methods to obtain results with the lowest error (e.g., [68]). Moreover, 13 papers
combined remote data with models (e.g., [146]) or GIS (e.g., [76]).

3.3.31. Shoreline

The characteristics of the 112 eligible papers whose authors mapped shorelines are
summarized in Table A31. The authors analyzed 204 remote data and 6 available products.
Among the remote data, 152, 29, 18, and 5 were acquired from satellite, airborne, UAV,
and fixed platforms, respectively. Among these data, 17 were obtained from active sensors
(Sentinel-1 sensors were the first to be employed, followed by GaoFen-3 and airborne
LIDAR sensors), whereas 185 were acquired from passive sensors. Among the remote
data, 183 were acquired from multispectral sensors (Landsat sensors were the first to be
employed, followed by Sentinel-2 sensors) and 1 was acquired from a hyperspectral sensor
(his ZiYuan1-02D sensor).

Most of these papers (88%) monitored shoreline over time (e.g., [150]), whereas half of
the papers retrieved this parameter from several remote data (e.g., [151]) and compared
different methods (e.g., [152]). Moreover, 21 papers combined remote data with models
(e.g., [153]) or GIS (e.g., [154]).

3.3.32. Soil Salinization and Soil Moisture

The characteristics of the 10 eligible papers whose authors analyzed soil salinization
and soil moisture are summarized in Table A32. The authors analyzed 12 remote data and
did not use available products. Among the remote data, 9, 1, and 2 were acquired from
satellite, UAV, and fixed platforms, respectively. Among the remote data, 11 were acquired
from multispectral sensors (Landsat and MODIS sensors were the first to be employed)
and 1 was acquired from a hyperspectral sensor (ASD portable).
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Most of the papers (70%) monitored soil salinization over time (e.g., [155]), whereas
about half of the papers (60%) compared different methods to obtain results with the lowest
error (e.g., [156]) and 30% retrieved this parameter from several remote data (e.g., [125]).
Moreover, one paper also used models [113].

3.3.33. Suspended Sediments

The characteristics of the 30 eligible papers whose authors mapped suspended sed-
iments are summarized in Table A33. In these papers, the concentrations of suspended
sediments in the water column were quantified using different analytical methods (e.g.,
suspended particulate matter (SPM), suspended sediment concentrations (SSCs), and total
suspended matter (TSM) [125]). The authors analyzed 55 remote data and 13 available
products. Among the remote data, 49, 2, 3, and 1 were acquired from satellite, airborne,
UAV, and fixed platforms, respectively. All these data were acquired from passive sen-
sors. Among the remote data, 51 were acquired from multispectral sensors (Landsat and
Sentinel-2 sensors were the first to be employed) and 3 were acquired from hyperspectral
sensors (airborne hyperspectral sensors and ASD portable).

Most of the papers (87%) monitored suspended sediment over time (e.g., [157]),
70% compared different methods (e.g., [103]), and 57% retrieved this parameter from
several remote data (e.g., [158]). Moreover, three papers combined remote data with
models [75,86,159].

3.3.34. Tidal Data

The characteristics of the 27 eligible papers whose authors analyzed tidal data are
summarized in Table A34. The authors analyzed 7 remote data and 26 available products.
Among the remote data, 5, 1, and 1 were acquired from satellite, airborne, and fixed
platforms, respectively. All these remote data were obtained from active sensors.

Most of the papers (62%) monitored tidal data over time (e.g., [138]), whereas three
papers combined remote data with models or GIS (e.g., [63]).

3.3.35. Vegetation Cover

The characteristics of the 98 eligible papers whose authors mapped vegetation cover
are summarized in Table A35. The authors analyzed 130 remote data and 3 available
products. Among the remote data, 103, 7, 19, and 1 were acquired from satellite, airborne,
UAV, and fixed platforms, respectively. Among these data, 8 were obtained from active
sensors (UAV LIDAR sensors were the first to be employed, followed by Sentinel-1 sensors),
whereas 124 were acquired from passive sensors. Among the remote data, 118 were ac-
quired from multispectral sensors (Landsat sensors were the first to be employed, followed
by Sentinel-2 and UAV sensors) and 4 were acquired from hyperspectral sensors (airborne,
Hyperion, and PRISMA sensors).

Most of these papers (73%) monitored vegetation cover over time (e.g., [160]), whereas
about half of the papers (60%) compared different methods (e.g., [161]) and 42% retrieved
this parameter from several remote data (e.g., [123]). Moreover, three papers combined
remote data with models (e.g., [162]) or GIS (e.g., [163]).

3.3.36. Vegetation Species

The characteristics of the 19 eligible papers whose authors mapped vegetation species
are summarized in Table A36. The authors analyzed 30 remote data and did not use
available products. Among the remote data, 24, 1, and 5 were acquired from satellite,
airborne, and fixed platforms, respectively. Among these data, 5 were obtained from active
sensors (ALOS-2, Sentinel-1, and UAV sensors), whereas 25 were acquired from passive
sensors. Among the remote data, 24 images were acquired from multispectral sensors
(Landsat and Sentinel-2 sensors were the first to be employed) and 1 image was acquired
from a hyperspectral sensor (ZiYuan1-02D-HIS).
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Most of these papers (79%) monitored vegetation species over time (e.g., [164]),
whereas about half of the papers (58%) compared different methods or products to obtain re-
sults with the lowest error (e.g., [165]) and 53% retrieved this parameter from several remote
data (e.g., [161]). Moreover, one paper combined GIS and remote sensing techniques [166].

3.3.37. Water Turbidity

The characteristics of the 17 eligible papers whose authors mapped water turbidity [48]
are summarized in Table A37. The authors analyzed 15 remote data and 6 available
products. All remote data were acquired from multispectral satellite sensors (Sentinel-2
sensors were the first to be employed, followed by Landsat sensors and then Sentinel-3 and
MODIS sensors).

Most of these papers (82%) monitored water turbidity over time (e.g., [167]), whereas
about half of the papers (76%) compared different methods or different products to obtain
results with the lowest error (e.g., [53]) and 47% retrieved this parameter from several
remote data (e.g., [168]). Moreover, five papers combined remote sensing techniques with
models (e.g., [169]) or GIS techniques (e.g., [76]).

3.3.38. Wave Data

The characteristics of the nine eligible papers whose authors analyzed wave data are
summarized in Table A38. The authors of these nine papers analyzed one remote data and
eight available products. The remote data was acquired from an active sensor that was
installed on a fixed platform.

Most of the papers (89%) monitored wave data over time (e.g., [91]), and four papers
combined remote sensing techniques with models (e.g., [170]) or GIS techniques (e.g., [171]).

3.3.39. Wind Data

The characteristics of the 39 eligible papers whose authors analyzed wind data are
summarized in Table A39. The authors of these 39 papers analyzed 4 remote data and
37 available products. All these data were obtained from active sensors. Among the remote
data, 3, and 1 were acquired from satellite (Sentinel-1) and fixed platforms, respectively.

Most of the papers (79%) monitored wind data over time (e.g., [153]), whereas
41% retrieved this parameter from several remote data (e.g., [172]) and 38% compared
different methods or different products to minimize errors (e.g., [173]). Moreover, 13 papers
combined remote sensing techniques with models (e.g., [59]) or GIS techniques (e.g., [102]).

3.4. Coastal Phenomena Analized

The analysis of the papers highlighted that the authors mapped or monitored
39 parameters to study 103 coastal phenomena, which are listed in the second column of
Tables A1–A39. It is important to specify that all the “purposes” of eligible papers are
grouped generically with the name “phenomenon”, but not all of them can be called as
such (e.g., atmospheric correction). As mentioned above, since 1971, the coastal zone has
been mapped and monitored using remote data. Therefore, to identify coastal phenomena
and parameters to be analyzed, researchers have considered both the state of the art and
outstanding research challenges. Moreover, because most of the eligible papers (89%) were
funded by international institutions and local governments, the choice of the phenomena
analyzed was made not only by the scientific community but also by the policy-making
community. Therefore, most of the phenomena affecting coastal areas were taken into
account by the eligible papers. In Figure 2, the red cells show each parameter that was
mapped or monitored (columns) to study each phenomenon (rows). Tables A1–A39 and
Figure 2 lists the names assigned by the authors to the phenomena analyzed. The phenom-
ena that were mapped or monitored using the same parameters are grouped together. The
47 phenomena or groups of phenomena that were derived are shown in Figure 2.
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The analysis of parameters according to the number of phenomena showed that the
most mapped parameters were LU/LC, SST, bathymetry, and seabed, whereas the least
mapped parameters were phycocyanin, soil salinization, and methane/oil (Figure 3).
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On the other hand, the analysis of phenomena according to the number of param-
eters showed that 36 phenomena were examined by mapping or monitoring more than
10 parameters (Figure 4).
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It is very interesting to note that phenomena that mainly affect the coastal land were
also analyzed by mapping or monitoring parameters of coastal water. LU/LC change and
urban sprawl were also analyzed using algae or macroalgae, Chl-a, PP, SLA, or SLR maps,
and water quality was also estimated using LU/LC and vegetation cover maps. Because the
number of phenomena analyzed by the authors of eligible papers is very large, analysis of the
number of phenomena according to the number of authors who examined them is of little
value. However, the most studied phenomenon was coastline change and coastal erosion
(15.9%), followed by the group including bathymetry, bottom friction coefficients, and seabed
classification (8.6%) and then two other groups (8.2% and 7.3%, respectively): (i) habitatand
wetland biodiversity estimation and (ii) LU/LC change and urban sprawl.

3.5. Validation of Retrieved Products

Analysis of the papers revealed another important issue: most authors (91%) validated
the parameters that were retrieved from remote data. The term validation is defined as
“the process of assessing, by independent means, the quality of the data products derived
from the system outputs” by the Working Group on Calibration and Validation of the
Committee on Earth Observing Satellites [174]. “Ground truth” or “reference data”, which
are provided by independent means, are usually compared with “data products” to assess
their “degree of correctness” or accuracy [175].

Therefore, only a few did not validate the parameters that were retrieved from remote
data; for example, Barreto et al. [176] exploited a UAV system to monitor the marine
megafauna, Bera et al. [177] analyzed socioeconomic vulnerability of Sagar Island (India)
and linked it with land loss, and Shimada et al. [178] studied the parameters that determine
the habitat of two important green turtle nests in the Red Sea.

4. Discussions

Coastal areas are the most valuable on Earth but also the most vulnerable because of
many phenomena or processes looming over them [9]. To date, the main phenomena loom-
ing over them are climate change and coastal urban sprawl, which are closely interrelated
and trigger many others [7,8]. Therefore, mapping and monitoring coastal phenomena
and parameters are the most pressing requirements for ensuring sustainability of these
valuable and vulnerable areas [9]. However, coastal areas are characterized by small-scale
mosaics of different habitats and are mainly affected by small-scale natural or man-made
phenomena, while coastal waters are characterized by high spatial and temporal variability
of biochemical and physical parameters [48].

Remote sensing has taken up the challenge of characterizing these differences since
1971 and, to date, has become an indispensable tool for mapping and monitoring some
phenomena (e.g., seal level rise and sea surface temperature [12,13]). As many updated
reviews have provided a limited overview (e.g., [37,41]), this systematic review provides
a comprehensive overview of data, methods, and/or remote approaches that map and
monitor coastal zone phenomena and parameters more effectively. For this purpose,
502 eligible papers, which consisted of the most cited papers published from January
2021 to June 2023, were identified, screened, and carefully studied.

The analysis of 502 eligible papers highlighted that 103 phenomena were analyzed us-
ing 39 parameters. Therefore, most of the phenomena and parameters of coastal areas were
mapped or monitored by the eligible papers. This wide variety of phenomena and parame-
ters is strongly related to the key role of the coastal zone in social, economic, and environ-
mental systems and the key role of the remote sensing technique to know, map, and monitor
coastal phenomena and parameters. The eligible papers demonstrated that these key roles
are clear not only to the scientific community, which published 15,141 papers in 2.5 years,
but also to the policy-making community, which founded 89% of the eligible papers.

The phenomena most analyzed by the authors of the eligible papers were changes in
coastline and land use and cover, climate change, coastal erosion, and coastal urban sprawl.
However, it is very interesting to note that the phenomena analyzed covered multiple and
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diverse issues: some phenomena were general phenomena (e.g., anthropogenic activities,
climate change, coastal erosion, coastal vulnerability assessment, urban sprawl, and water
quality estimation); some were very specific (e.g., aboveground biomass, biotoxin risk, blue
ice, hydraulic engineering, and leaf area index monitoring); some were more pertinent
to coastal land (e.g., land surface temperature, land use and land cover changes, soil
salinization, and urban sprawl), coastal waters (e.g., coral reef, depth of Secchi disk, sea
surface salinity, and sea surface temperature), and intertidal zone (e.g., coastline changes,
mangrove ecosystems, and tidal flat); and some addressed pollution (e.g., marine litter,
methane plume, oil spill, and plastic litter) or the socioeconomic aspect of the coastal
zone (e.g., coastal aquaculture pond, ecosystem services value, fishing zones, and marine
aquaculture). Although there was variability in the phenomena analyzed, most of the
phenomena were analyzed using the same parameters.

In order to more effectively analyze coastal zone phenomena and parameters, the
authors validated most of the parameters (91%) that were retrieved or analyzed them by
comparing them with reference data in order to assess their degree of correctness [85].
For this purpose, they exploited in situ data, products that were obtained from very high
spatial resolution images, or validated products. The authors retrieved from remote data
39 parameters that were mapped or monitored 1158 times in the 502 eligible papers. In other
words, the authors combined most of the parameters (88%) together with other parameters
in order to analyze coastal phenomena. In addition, phenomena mainly affecting coastal
land were analyzed not only by mapping parameters related to coastal land but also using
parameters related to coastal waters and vice versa. The authors monitored 75% of the
parameters over time and retrieved 69% of the parameters from several remote data and
compared the results with each other and with available products. The authors combined
different remote data: they were acquired from active (15% of the remote data) and passive
(15% of the remote data) sensors; from satellites (79% of remote data), aircraft (7% of
remote data), unmanned aerial vehicles (10% of remote data), and fixed platforms (4% of
remote data); and from multispectral (95% of the passive data) and hyperspectral (5% of the
passive data) sensors. The authors obtained 48% of the parameters using different methods,
and their results were compared with each other and with available products. Moreover,
the authors combined 17% of the parameters that were retrieved from remote data with
geographic information system and model techniques.

Although this systematic review included 502 eligible papers that were the most
cited and up to date, it cannot and does not claim to be totally comprehensive of a very
broad topic.

5. Conclusions

This systematic review addressed three important questions, which lack up-to-date
and effective answers: (1) Which coastal zone phenomena and parameters can be ade-
quately mapped and monitored using remote data? (2) How have authors addressed the
spatial, temporal, and thematic requirements required to more effectively analyze coastal
zone phenomena and parameters? (3) What recommendations can be offered to readers to
meet spatial, temporal, and thematic requirements?

Regarding the first question, the systematic review demonstrated that most coastal
phenomena and parameters, to date, can be mapped and monitored using remote data.

Regarding the second question, 502 eligible papers showed that authors addressed
these requirements in six ways and many of them were performed jointly, with authors
found to have (i) retrieved parameters from different remote data (69%), (ii) validated the pa-
rameters retrieved (91%), (iii) merged different data and parameters (88%), (iv) monitored
these different data and parameters over time (75%), (v) compared different methods (48%),
and (vi) combined geographic information system, models, and remote sensing techniques
(17%). In other words, the authors addressed the spatial, temporal, and thematic require-
ments needed to more effectively analyze coastal phenomena and parameters using and
implementing the integrated approaches.
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Therefore, regarding the third question, the systematic review recommends employing
and implementing new and creative integrated approaches.
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Appendix A

The characteristics of the eligible papers whose authors analyzed 39 parameters are
summarized in Tables A1–A39. In each table, the eligible papers are organized according to
the phenomenon analyzed (second column), remote data employed (third column), and/or
available products employed (fourth column). All the “purposes” of the papers for which
parameters were analyzed are grouped generically with the name “phenomenon”, but not
all of them can be called as such (i.e., atmospheric correction). The names of phenomena
(i.e., purposes) given in the tables are those assigned by the authors of the eligible papers.
Columns 5, 6, and 7 provide the references of these papers, showing those that were
published in 2023, 2022, and 2021, respectively. In addition, these tables highlight two other
characteristics using the numbers 1 and 2 in parentheses (i.e., (1) and (2)) as follows: (1) the
analyzed parameter was mapped and monitored together with other parameters and (2) the
analyzed parameter was retrieved using hyperspectral data. Each of the following tables
describe the characteristics of the papers according to the analyzed parameters.
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Table A1. The eligible papers that mapped and/or monitored algae and macroalgae.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Algae Algae distribution Sentinel-2 (10–20–60 m) No - - [179]
Algae (1) Algal blooms Landsat (15–30 m) No [72] - -

Algae (1) Cyanobacterial pigment concentrations HICO™ (Hyperspectral Imager for the
Coastal Ocean, ~90 m) (2) No - [180] -

Algae (1) Cyanobacterial pigment concentrations Landsat (15–30 m) No - - [89]
Algae Cyanobacterial pigment concentrations MERIS (300 m) No - - [89,181]

Algae (1) Cyanobacterial pigment concentrations MODIS (0.5–1 km) No - - [182]
Algae (1) Cyanobacterial pigment concentrations Sentinel-2 (10–20–60 m) No - - [89,183]

Algae Cyanobacterial pigment concentrations Sentinel-3 (300 m) No - - [89,181]
Algae (1) Coastal aquaculture ponds Sentinel-2 (10–20–60 m) No - [77,79] -
Algae (1) Harmful algae MODIS (0.5–1 km) No [184] - [76]
Algae (1) Harmful algae Sentinel-3 (300 m) No - [185]

Algae Red tide bloom GaoFen-1 WFV (16 m) No - [186] [187]
Algae Red tide bloom HY-1D (50 m) No - [186] [187]

Algae (1) Red tide bloom Landsat (15–30 m) No - [188] -
Algae Red tide bloom MODIS (0.5–1 km) No - [186] -
Algae Red tide bloom Sentinel-2 (10–20–60 m) No [57] [186] -
Algae Red tide bloom Sentinel-3 (300 m) No [57] - -

Algae (1) Red tide bloom TechDemoSat-1
(TDS-1) GNSS-R No - [188] -

Algae Sea snots DESIS (30 m) (2) No - [189] -
Algae Sea snots MODIS (0.5–1 km) No - [189] -

Algae (1) Sea snots Sentinel-2 (10–20–60 m) No - [190] -
Algae Sea snots Sentinel-3 (300 m) No - [189] -

Algae (1) Water quality estimation Landsat (15–30 m) No - [191] -
Algae (1) Water quality estimation Sentinel-2 (10–20–60 m) No - [191] [192]

Algae (1) Wetland biodiversity estimation HSI ZiYuan1-02D
(30 m) (2) No - - [193]

Macroalgae (1) Green tides Aerial photos No - - [194]
Macroalgae Green tides GaoFen-1 (2–8 m) No - - [74,195]

Macroalgae Green tides Geostationary Ocean Color
Imager -GOCI (500 m) No - - [196]

Macroalgae Green tides Huanjing-1A
(30–100 m) (2) No - - [74,195,197]
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Table A1. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Macroalgae Green tides Huanjing-1B (150–300 m) No - - [74,195,197]
Macroalgae Green tides Landsat (15–30 m) No - - [195,197,198]

Macroalgae (1) Green tides Landsat (15–30 m) No - [199] [194,200]
Macroalgae Green tides MODIS (0.5–1 km) No [41] - [74,195,200]

Macroalgae (1) Green tides Sentinel-2 (10–20–60 m) No - [199] [74]
Macroalgae Green tides Sentinel-2 (10–20–60 m) No - - [74,195]
Macroalgae Macroalgae Portable photo camera No - - [201]
Macroalgae Macroalgae MODIS (0.5–1 km) No [73] - -

Macroalgae (1) Macroalgae MODIS (0.5–1 km) No [202] [203] [204]
Macroalgae (1) Macroalgae Sentinel-1 (~10 m) No - [203] -

Macroalgae Macroalgae Sentinel-2 (10–20–60 m) No - [205] -
Macroalgae (1) Macroalgae Sentinel-3 (300 m) No - [206] -
Macroalgae (1) Macroalgae UAV No - [207] -
Macroalgae (1) Microphytobenthos Sentinel-2 (10–20–60 m) No - [208] -

Macroalgae Phytoplankton blooms Sentinel-3 (300 m) No [73] - -

Macroalgae Phytoplankton blooms Visible Infrared Imaging Radiometer
Suite (VIIRS) Yes [73] - -

Macroalgae (1) Seagrass UAV No - [207] -
(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.

Table A2. The eligible papers that mapped and/or monitored aquaculture systems.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Aquaculture (1) Coastal aquaculture ponds Google Earth images No - [78] -
Aquaculture Coastal aquaculture ponds Landsat (15–30 m) No - [209] [210]

Aquaculture (1) Coastal aquaculture ponds Landsat (15–30 m) No - [78,79] -
Aquaculture Coastal aquaculture ponds Sentinel-1 (~10 m) No - - [211]
Aquaculture Coastal aquaculture ponds Sentinel-2 (10–20–60 m) No - - [211]

Aquaculture (1) Coastal aquaculture ponds Sentinel-2 (10–20–60 m) No [212] [77–79] -
Aquaculture (1) Coastline change Landsat (15–30 m) No - [213] [117,214]
Aquaculture (1) Habitat Sentinel-1 (~10 m) No [165,215] - -
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Table A2. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Aquaculture (1) Habitat Sentinel-2 (10–20–60 m) No [215] - -
Aquaculture (1) Ecosystem services value Landsat (15–30 m) No - - [216]
Aquaculture (1) LU/LC change Landsat (15–30 m) - - [217]
Aquaculture (1) LU/LC change Aerial photos No [218] -
Aquaculture (1) LU/LC change GaoFen5-HIS (30 m) (2) No - [219] -
Aquaculture (1) LU/LC change Landsat (15–30 m) No - [218,220] [217]
Aquaculture (1) LU/LC change Sentinel-2 (10–20–60 m) No - [219,220] -
Aquaculture (1) LU/LC change SPOT (~10–20 m) - - [217]

Aquaculture Marine aquaculture GaoFen-1 WFV (16 m) No - - [221]
Aquaculture Marine aquaculture Landsat (15–30 m) No - - [221]
Aquaculture Marine aquaculture Sentinel-2 (10–20–60 m) No - - [221]
Aquaculture Marine aquaculture ZY1-02D-HIS (30 m) (2) No - [222] -

Aquaculture (1) Seaweed aquaculture HY-1C (50 m) No - [80] -
Aquaculture (1) Seaweed aquaculture Sentinel-1 (~10 m) No - [223] -
Aquaculture (1) Seaweed aquaculture Sentinel-2 (10–20–60 m) No - [80,223] -

(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.

Table A3. The eligible papers that mapped and/or monitored aquatic vegetation and coral.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Aquatic vegetation (1) Aquatic vegetation HyMap airborne (2) No - [81] -
Aquatic vegetation (1) Aquatic vegetation Sentinel-2 (10–20–60 m) No - [81,160,224] -
Aquatic vegetation (1) Water hyacinth Sentinel-2 (10–20–60 m) No - [160] -
Aquatic vegetation (1) Water quality estimation Sentinel-2 (10–20–60 m) No - [160] -

Coral (1) Coral reef Airborne data (2 m) No [225] -
Coral (1) Intertidal polychaete reefs UAV-MSI No - [82] -

Giant kelp (1) Bull and giant kelp Landsat (15–30 m) No - - [226]
Giant kelp (1) Giant kelp Landsat (15–30 m) No - [227] -
Giant kelp (1) Giant kelp Sentinel-2 (10–20–60 m) No - - [228]
Giant kelp (1) Giant kelp UAV No - - [229]
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Table A3. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Seagrass (1) Habitat Remotely piloted aircraft (RPAs) No - - [230]
Seagrass (1) Macroalgae UAV No - [207] -
Seagrass (1) Seabed classification Airborne lidar No - [231] -
Seagrass (1) Seagrass Landsat (15–30 m) No - [232,233] -
Seagrass (1) Seagrass Sentinel-2 (10–20–60 m) No - [234] -
Seagrass (1) Seagrass UAV No - [207] -
Seagrass (1) Seagrass WorldView 2–3 (~0.5–4 m) No [235] [236] -

(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.

Table A4. The eligible papers that mapped and/or monitored the bathymetry, seabed, and tidal creeks.

Parameter Phenomena Remote Data
or Dataset

Available
Products

References
2023 References 2022 References 2021

Bathymetry (1) Aquatic vegetation Sentinel-2 (10–20–60 m) No - [224] -
Bathymetry (1) Bathymetry Airborne lidar No [237] [238,239] -

Bathymetry Bathymetry Airborne lidar No [84] [83,240,241] [242,243]
Bathymetry Bathymetry Aerial photos No - - [244]
Bathymetry Bathymetry ASTER (15 m) No - [245] -
Bathymetry Bathymetry Multispectral camera—UAV No - [246] -
Bathymetry Bathymetry Jilin-1 No - [158] -

Bathymetry Bathymetry Ice, Cloud, and land Elevation Satellite-2
(ICESat-2) lidar No - [83,247] [242,248–253]

Bathymetry Bathymetry Landsat-based global surface water dataset
(GSWD) Yes - [247] -

Bathymetry Bathymetry Landsat (15–30 m) No [254] [83,245,255] [250]
Bathymetry Bathymetry MODIS (0.5–1 km) Yes - - [252]

Bathymetry Bathymetry National Centers for Environmental
Prediction (NCEP) datasets Yes - - [252]

Bathymetry Bathymetry Orthophotos No [256] - -
Bathymetry Bathymetry PlanetScope images No - [257] -

Bathymetry (1) Bathymetry Sentinel-2 (10–20–60 m) No [237] - [258]
Bathymetry Bathymetry Sentinel-2 (10–20–60 m) No [84,256] [83,239,245,255,259–262] [85,243,248–251,253]

Bathymetry (1) Bathymetry UAV No - - [263]
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Table A4. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products

References
2023 References 2022 References 2021

Bathymetry Bathymetry UAV No [256] [240,264] -
Bathymetry (1) Bathymetry WorldView-2/3 (~0.5–4 m) No - [265] -

Bathymetry Bathymetry WorldView-2/3 (~0.5–4 m) No - [266] -
Bathymetry Bathymetry Zhuhai-1 (10 m) (2) No - [261] -

Bathymetry (1) Biosiliceous
sedimentation flux Landsat (15–30 m) No - [267] -

Bathymetry (1) Bottom friction
coefficients - Yes - - [268]

Bathymetry (1) Coastline change - Yes [150,269] [270] [271]
Bathymetry (1) Coastal structures - Yes - - [272]

Bathymetry (1) Coastal aquaculture
ponds - Yes - [209] [210]

Bathymetry (1) Coastal vulnerability
assessment - Yes [273] -

Bathymetry (1) Coastal vulnerability
assessment

Changjiang Estuary Waterway
Administration Bureau datasets Yes [55] - -

Bathymetry (1) Coastal vulnerability
assessment

BathySwath1 ITER System (interferometric
sonar) No [91] - -

Bathymetry (1) Coastal vulnerability
assessment

Vegetation and Environment monitoring on
a New Micro-Satellite (VENµS) No - - [274]

Bathymetry (1) Coastal vulnerability
assessment

General Bathymetric Chart of the Oceans
(GEBCO) datasets Yes - [275] -

Bathymetry (1) Coral reef - Yes - [225] -

Bathymetry (1) Distribution of
heavy metals MODIS (0.5–1 km) No [276] - -

Bathymetry (1) Green tide - Yes - - [200]
Bathymetry (1) Habitat Airborne lidar No - [277] -
Bathymetry (1) Habitat UAV No - [277] [278]
Bathymetry (1) Habitat UAV No - - [279]
Bathymetry (1) Hydrographic structure - Yes [280] - -

Bathymetry (1) Intertidal polychaete
reefs - Yes - [82] -

Bathymetry (1) Landfast sea ice MODIS (0.5–1 km) Yes - - [281]
Bathymetry (1) Marine heatwaves - Yes - [282] -
Bathymetry (1) Morphological evolution - Yes [283] - -
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Table A4. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products

References
2023 References 2022 References 2021

Bathymetry (1) Morphological evolution COSMO-SkyMed No - [284] -
Bathymetry (1) Morphological evolution CSK-SA, UAV No - [284] -
Bathymetry (1) Morphological evolution Landsat (15–30 m) No - [285] -
Bathymetry (1) Morphological evolution Multibeam acquisitions (vessels) No - [285,286] -
Bathymetry (1) Morphological evolution Pleiades tri-stereo images (~0.5–2 m) No - [284] -

Bathymetry (1) Morphological evolution Bathymetry Reson
Seabat No - [284] -

Bathymetry (1) Morphological evolution UAV No - [285,287,288] -
Bathymetry (1) Morphological evolution Airborne lidar No - [285] -
Bathymetry (1) Primary production - Yes - [289] -
Bathymetry (1) Seabed classification Airborne lidar No - [231] -
Bathymetry (1) SLA - Yes - [290] -
Bathymetry (1) Sea snots - Yes - [190] -
Bathymetry (1) SST - Yes - [291] -
Bathymetry (1) Suspended sediments Landsat (15–30 m) No - [292] -

Sandbar (1) Coastline change Landsat (15–30 m) No [293] - -
Sandbar (1) Coastline change RapidEye (5 m) No [293] - -
Sandbar (1) Coastline change Planetscope (3 m) No [293] - -

Sand ridge line (1) Morphological evolution Huanjing-1B (150–300 m) No - [294] -
Sand ridge line (1) Morphological evolution Landsat (15–30 m) No - [294] -

Seabed (1) Coastal vulnerability
assessment Edgetech 4200 SP (side scan sonar) No [91] - -

Seabed (1) Habitat Airborne lidar No - [277] -
Seabed (1) Habitat UAV No - [277] [278]
Seabed (1) Seabed classification Airborne lidar No - [231] -

Tidal creeks Morphological evolution GaoFen-1 WFV (16 m) No - [295] -
Tidal creeks Morphological evolution Huanjing-1B (150–300 m) No - [295] -
Tidal creeks Morphological evolution Landsat (15–30 m) No - [295] -

Tidal creeks Morphological
Eevolution Sentinel-2 (10–20–60 m) No - [295] -

(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.
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Table A5. The eligible papers that mapped and/or monitored Chl-a.

Parameter Phenomena Remote Data
or Dataset

Available
Products

References
2023 References 2022 References 2021

Chl-a Atmospheric correction Sentinel-2 (10–20–60 m) No - - [52]
Chl-a (1) Atmospheric correction Sentinel-3 (300 m) No - - [53]
Chl-a (1) Algal blooms MODIS (0.5–1 km) No [72] - -
Chl-a (1) Bathymetry WorldView-2-3 (~0.5–4 m) No - [265] -
Chl-a (1) Biosiliceous sedimentation flux Landsat (15–30 m) No - [267] -
Chl-a (1) Biosiliceous sedimentation flux MODIS (0.5–1 km) No - [267] -
Chl-a (1) Biotoxin risk - Yes - - [296]
Chl-a (1) Coastal aquaculture ponds Sentinel-2 (10–20–60 m) No - [77,79] -

Chl-a (1) Cyanobacterial pigment
concentrations HICO™ (~90 m) (2) No - [180] -

Chl-a (1) Cyanobacterial pigment
concentrations Landsat (15–30 m) No - - [89]

Chl-a (1) Cyanobacterial pigment
concentrations MERIS (300 m) No - - [89]

Chl-a (1) Cyanobacterial pigment
concentrations Sentinel-2 (10–20–60 m) No - - [89]

Chl-a (1) Cyanobacterial pigment
concentrations Sentinel-3 (300 m) No - - [89]

Chl-a (1) Dissolved organic carbon MODIS (0.5–1 km) Yes - [297] -
Chl-a (1) Effects of COVID-19 lockdown Sentinel-3 (300 m) No - [169] [298]

Chl-a Effects of extreme events - Yes [59] - -
Chl-a (1) Eutrophication DJI M600Pro-UAV (2) No [299] - -
Chl-a (1) Eutrophication hyperspectral imager Pika L (2) No [299] - -

Chl-a Eutrophication MODIS (0.5–1 km) Yes [300] - [301]
Chl-a Eutrophication Sentinel-2 (10–20–60 m) No - - [302]

Chl-a (1) Fishing zones MODIS (0.5–1 km) Yes [303] - -
Chl-a (1) Giant kelp MODIS (0.5–1 km) Yes - - [228]
Chl-a (1) Harmful algal bloom MODIS (0.5–1 km) Yes [304] [305] [76]
Chl-a (1) Harmful algal bloom Sentinel-2 (10–20–60 m) No - - [183]
Chl-a (1) Harmful algal bloom Sentinel-3 (300 m) No - [185] -
Chl-a (1) Harmful algal risk - Yes - - [296]
Chl-a (1) LU/LC change - Yes [61] - -
Chl-a (1) Marine aquaculture - Yes - - [75]
Chl-a (1) Macroalgae MODIS (0.5–1 km) No - - [204]
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Table A5. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products

References
2023 References 2022 References 2021

Chl-a (1) Marine heatwaves - Yes - [282] -

Chl-a (1) Microbenthic invertebrate
distribution - Yes - [306] -

Chl-a (1) Oil spill - Yes - [307,308] -
Chl-a (1) Particulate organic carbon MODIS (0.5–1 km) Yes - [309] -

Chl-a (1) Phenology and niche ecology of
Harmful species METEOSAT Yes - [159]

Chl-a (1) Phycocyanin HICO™ (~90 m) (2) No - - [134]
Chl-a (1) Phycocyanin PRISMA (30 m) (2) No - - [134]

Chl-a Phytoplankton - Yes - [310] -
Chl-a (1) Phytoplankton - Yes - [311] [312]

Chl-a Phytoplankton CZCS (~1 km) No - [313] -
Chl-a Phytoplankton HICO™ (~90 m) (2) No - - [87]
Chl-a Phytoplankton GER 1500 Portable No - [314] -
Chl-a Phytoplankton MERIS (300 m) No - - [315]
Chl-a Phytoplankton MODIS (0.5–1 km) No - [313,316,317] -
Chl-a Phytoplankton SeaWiFS (1.1–4.5 km) No - [313] -

Chl-a (1) Phytoplankton SeaWiFS (1.1–4.5 km) Yes - [318] -
Chl-a Phytoplankton Sentinel-2 (10–20–60 m) No [319] - -

Chl-a (1) Phytoplankton Sentinel-2 (10–20–60 m) No - [320] -
Chl-a Phytoplankton Sentinel-3 (300 m) No - - [315]

Chl-a (1) Phytoplankton VIIRS Yes - [318] -
Chl-a (1) Primary production - Yes - - [289]
Chl-a (1) Primary production Landsat (15–30 m) Yes [139] - -
Chl-a (1) Primary production MERIS (300 m) Yes - [157] -
Chl-a (1) Primary production MODIS (0.5–1 km) Yes [69,138] [157] -
Chl-a (1) Seagrass MODIS (0.5–1 km) Yes - - [321]
Chl-a (1) Water hyacinth Sentinel-2 (10–20–60 m) No - [160] -
Chl-a (1) Water quality estimation MODIS (0.5–1 km) Yes - [88] [322]
Chl-a (1) Water quality estimation Landsat (15–30 m) No - [86,88,323,324] [325]
Chl-a (1) Water quality estimation Sentinel-2 (10–20–60 m) No [326] [86,88,323,324,327,328] [168,192,329]
Chl-a (1) Water quality estimation Sentinel-3 (300 m) No - [86] [90,168]
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Table A5. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products

References
2023 References 2022 References 2021

Chl-a (1) Water quality estimation UAV No [326] - -
Chl-a (1) Water quality estimation - Yes - [306] -
Chl-a (1) Water quality estimation Sentinel-2 (10–20–60 m) No - [160] -

(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.

Table A6. The eligible papers that mapped and/or monitored CDOM.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

CDOM (1) Coastal aquaculture ponds Sentinel-2 (10–20–60 m) No - [79] -

CDOM (1) Dissolved organic
carbon Landsat (15–30 m) No - - [103]

CDOM (1) Dissolved organic
carbon MODIS (0.5–1 km) Yes - [104,297] -

CDOM (1) Dissolved organic
carbon Sentinel-2 (10–20–60 m) No - - [103]

CDOM (1) Dissolved organic
carbon Sentinel-3 (300 m) No - [330] -

CDOM (1) Effects of extreme events Landsat No [105] - -
CDOM (1) Effects of extreme events Sentinel-2 (10–20–60 m) No [105] - -
CDOM (1) Effects of extreme events Sentinel-3 (300 m) No [105] - -
CDOM (1) Marine aquaculture - Yes - - [75]
CDOM (1) Phytoplankton Sentinel-2 (10–20–60 m) No - - [331]
CDOM (1) Water quality estimation MODIS (0.5–1 km) Yes - [88] -
CDOM (1) Water quality estimation Landsat (15–30 m) No - [86,88] -
CDOM (1) Water quality estimation Sentinel-2 (10–20–60 m) No - [86,88] -
CDOM (1) Water quality estimation Sentinel-3 (300 m) No - [86] [90]

(1) This parameter was mapped and monitored together with other parameters.
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Table A7. The eligible papers that mapped and/or monitored the current data.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Current (1) Biotoxin risk - Yes - - [296]
Current (1) Coastline change - Yes - - [332]

Current (1) Coastal vulnerability
assessment - No - [333] -

Current (1) Coastal vulnerability
assessment - Yes [91] - -

Current (1) Effects of COVID-19 lockdown - Yes - [169] -
Current (1) Green tide - Yes - - [200]
Current (1) Distribution of heavy metals - Yes [276] - -
Current (1) Harmful algal bloom - Yes - - [296]
Current (1) Marine aquaculture - Yes - - [75]
Current (1) Oil spill - Yes - [334,335] [92]
Current (1) Phytoplankton - Yes - [311] -
Current (1) Sea level anomaly OMNI buoys No - [290] -
Current (1) Sea snots - Yes - [190] -
Current (1) Suspended sediments - Yes - [336] [337]
Current (1) Velocity products Sentinel-1 (~10 m) No [338] -

(1) This parameter was mapped and monitored together with other parameters.

Table A8. The eligible papers that mapped and/or monitored Zsd and Zeu.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Zsd (1) Harmful algal bloom MODIS (0.5–1 km) No - - [76]
Zsd (1) Seagrass Sentinel-2 (10–20–60 m) No - [234] -

Zsd Water quality
estimation GOCI No - [339] -

Zsd (1) Water quality
estimation Sentinel-2 (10–20–60 m) No - - [94,192]

Zsd Zsd Landsat (15–30 m) No - - [95]
Zsd Zsd MERIS (300 m) No - [93] -
Zsd Zsd MODIS (0.5–1 km) No - [93] -
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Table A8. Cont.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Zeu (1)
Phytoplankton crops and

taxonomic
composition

SeaWiFS (1.1–4.5 km) Yes - [96] -

Zeu (1) Primary production MERIS (300 m) Yes - [157] -
(1) This parameter was mapped and monitored together with other parameters.

Table A9. The eligible papers that mapped and/or monitored Kd (490).

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Kd (490) (1) Bathymetry Sentinel-2 (10–20–60 m) No [237] - -

Kd (490) (1) Biosiliceous
sedimentation flux Landsat (15–30 m) No - [267] -

Kd (490) (1) Biosiliceous
sedimentation flux MODIS (0.5–1 km) No - [267] -

Kd (490) (1) Effects of COVID-19 lockdown Sentinel-3 (300 m) No - - [298]
Kd (490) (1) Giant kelp MODIS (0.5–1 km) Yes - - [228]
Kd (490) (1) Harmful algal blooms MODIS (0.5–1 km) No - - [76]

Kd (490) (1) Particulate organic
carbon - Yes [98] - -

Kd (490) (1) Phytoplankton - Yes - - [312]
Kd (490) (1) Harmful algal bloom MODIS (0.5–1 km) No - - [76]
Kd (490) (1) Seagrass Sentinel-2 (10–20–60 m) No - [234] -
Kd (490) (1) Water quality estimation GOCI No - [339]
Kd (490) (1) Water quality estimation Sentinel-2 (10–20–60 m) No - - [94,192]
Kd (490) (1) Zsd Landsat (15–30 m) No - - [95]

(1) This parameter was mapped and monitored together with other parameters.
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Table A10. The eligible papers that mapped and/or monitored DSM.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

DSM (1) Avulsion sites TanDEM-X (12 m) No - [340] -
DSM (1) Coastal aquaculture ponds - Yes [212] - [210]
DSM (1) Coastal forested wetland UAV No - [341] -
DSM (1) Coastline change - Yes [150,269,342,343] [344–346] [347]
DSM (1) Coastline change UAV No [348] -
DSM (1) Coastal structures - Yes - - [272]

DSM Coastal structures Terrestrial Laser Scanner No - [349] -
DSM Coastal structures UAV No - [349] [350]

DSM (1) Coastal vulnerability assessment - Yes [116] - [166,351]
DSM (1) Coastal vulnerability assessment ASTER Yes - - [102]
DSM (1) Coastal vulnerability assessment Pleiades (0.5–2 m) No - - [352]
DSM (1) Coastal vulnerability assessment SRTM DEM, USGS (30 m) Yes - [275] -
DSM (1) Coastal vulnerability assessment VENµS No - - [274]
DSM (1) Coastal wetland classification Airborne lidar No - [353] -
DSM (1) Flood extent - Yes - - [109]
DSM (1) Flood extent Pleiades stereo image (0.5–2 m) No [62] [354] -

DSM Flood risk - Yes - - [60]
DSM (1) Habitat - Yes - - [355]
DSM (1) Habitat Airborne lidar No - [277] -
DSM (1) Habitat NASADEM Yes [215] - -
DSM (1) Habitat Sentinel-1 (~10 m) No [165] - -
DSM (1) Habitat UAV No - [277,356–358] [279,359,360]
DSM (1) Habitat UAV-LiDAR No - [142,361]

DSM (1) Intertidal polychaete reefs DJI Phantom
4 Multispectral UAV No - [82] -

DSM (1) Invasive alien species UAV No [161] - -
DSM (1) Litter - Yes - [362]
DSM (1) LU/LC change ALOS PALSAR (12.5 m) Yes - [363] -
DSM (1) LU/LC change ARCTIC DEM Yes [364]
DSM (1) Mangrove ecosystems - Yes - [365,366] [367,368]

DSM (1) Mangrove ecosystems
NASA Goddard’s Lidar,

Hyperspectral, and Thermal
(G-LiHT) airborne image

No - - [162]

DSM (1) Mangrove ecosystems SAR No - [369] -
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Table A10. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

DSM (1) Marine litter - Yes - - [128]
DSM (1) Marine litter UAV No [370] - -

DSM (1) Microbenthic invertebrate
distribution - Yes - [306] -

DSM (1) Morphological evolution Airborne lidar No - [285,371] -
DSM (1) Morphological evolution HJ-1 CCD (30 m) No - [294] -
DSM (1) Morphological evolution Pleiades (0.5–2 m) No - [284,286,371] -
DSM (1) Morphological evolution UAV No - [101,285,288] [372]

DSM Morphological structures Airborne lidar No - - [100]
DSM Morphological structures Aerial photos No - - [100]
DSM Morphological structures Lidar No - - [373]

DSM (1) Morphological structures UAV No - [120] [263,374]
DSM Subsidence Sentinel-1 (~10 m) No - [375–379] [99]
DSM Landslides Sentinel-1 (~10 m) No - [336] [380]

DSM (1) Sea level rise Airborne lidar No - [381] -
DSM (1) Suspended sediments - Yes - [336] -
DSM (1) Water quality estimation - Yes - [306] -

(1) This parameter was mapped and monitored together with other parameters.

Table A11. The eligible papers that mapped and/or monitored DOC.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

DOC (1) Dissolved organic
carbon Landsat (15–30 m) No - - [103]

DOC (1) Dissolved organic
carbon MODIS (0.5–1 km) No - [104,297] -

DOC (1) Dissolved organic carbon Sentinel-2 (10–20–60 m) No - - [103]
DOC (1) Dissolved organic carbon Sentinel-3 (300 m) No - [330] -
DOC (1) Effects of extreme events Landsat (15–30 m) No [105] - -
DOC (1) Effects of extreme events Sentinel-2 (10–20–60 m) No [105] - -
DOC (1) Effects of extreme events Sentinel-3 (300 m) No [105] - -

(1) This parameter was mapped and monitored together with other parameters.
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Table A12. The eligible papers that mapped and/or monitored dissolved iron and DO.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Dissolved Iron (1) LU/LC change - Yes [61] - -
DO (1) Fishing zones - Yes [382] - -
DO (1) LU/LC change - Yes [61] - -
DO (1) Water quality estimation Sentinel-2 (10–20–60 m) No - [328] -

(1) This parameter was mapped and monitored together with other parameters.

Table A13. The eligible papers that mapped and/or monitored the flood extent.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Flood Effects of extreme events Sentinel-1 (~10 m) No - [383] -
Flood (1) Flood extent Airborne lidar Yes - - [109]
Flood (1) Flood extent Landsat (15–30 m) No [107] [354] -

Flood Flood extent Sentinel-1 (~10 m) No - [106] -
Flood (1) Flood extent Sentinel-1 (~10 m) No [107] [120] -
Flood (1) Flood extent Sentinel-2 (10–20–60 m) No [107] - -
Flood (1) Flood extent Pleiades stereo image (0.5–2 m) No [62] - -
Flood (1) LU/LC change ASAR Yes - [108] -
Flood (1) LU/LC change MODIS (0.5–1 km) No - [108] -
Flood (1) LU/LC change TerraSAR-X Yes - [108] -
Flood (1) Sea level rise - Yes [384] - -

(1) This parameter was mapped and monitored together with other parameters.

Table A14. The eligible papers that mapped and/or monitored the presence of ice.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Ice (1) Blue ice MODIS (0.5–1 km) No - [385] -
Ice (1) Blue ice Sentinel-2 (10–20–60 m) No - [385] -
Ice (1) Landfast sea ice MODIS (0.5–1 km) Yes - - [281]

Sea Ice (1) Sea ice - Yes - [386] -
Sea Ice (1) Sea ice - Yes - - [111]

Sea Ice Sea ice
Coastal global navigation satellite

system reflectometry (GNSS-R) fixed
station

No - [387] -

Sea Ice (1) Sea level anomaly - Yes [64] - [63]

(1) This parameter was mapped and monitored together with other parameters.
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Table A15. The eligible papers that mapped and/or monitored LST.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

LST (1) Coastline change Landsat (15–30 m) No [163] - -
LST (1) Coastal salt marshes MODIS (0.5–1 km) Yes [141] - [388]

LST Habitat - Yes - - [178]
LST (1) LU/LC change Landsat (15–30 m) No [389] - [390]
LST (1) LU/LC change MODIS (0.5–1 km) No [391] - -
LST (1) LST Landsat (15–30 m) No - [112] -
LST (1) LST MODIS (0.5–1 km) No - [112] -
LST (1) Urban sprawl Landsat (15–30 m) No - - [392]
LST (1) Urban sprawl MODIS (0.5–1 km) No [113] - -

(1) This parameter was mapped and monitored together with other parameters.

Table A16. The eligible papers that mapped and/or monitored LU/LC.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

LU/LC (1) Aboveground biomass Landsat (15–30 m) No - - [393]
LU/LC (1) Aboveground biomass Sentinel-2 (10–20–60 m) No - [140] -
LU/LC (1) Aboveground biomass UAV No - - [393]

LU/LC (1) Agricultural non-point
source pollution Sentinel-2 (10–20–60 m) No - [394] -

LU/LC (1) Aquatic vegetation HyMap airborne (2) No - [81] -
LU/LC (1) Aquatic vegetation Sentinel-2 (10–20–60 m) No - [81,224] -
LU/LC (1) Blue ice MODIS (0.5–1 km) No - [385] -
LU/LC (1) Blue ice Sentinel-2 (10–20–60 m) No - [385] -

LU/LC Carbon storage change Landsat (15–30 m) No - [395] -
LU/LC (1) Climate change - Yes - - [396]
LU/LC (1) Climate change Google Earth image No - - [147]
LU/LC (1) Climate change Landsat (15–30 m) Yes - [177] [397]
LU/LC (1) Coastal aquaculture ponds - Yes [212] - -
LU/LC (1) Coastal aquaculture ponds Landsat (15–30 m) Yes - [209] [210]
LU/LC (1) Coastline change Google Earth image No - - [398]
LU/LC (1) Coastline change Landsat (15–30 m) No [163,399–402] [213,403–405] [117,171,214]
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Table A16. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

LU/LC (1) Coastline change Sentinel-2 (10–20–60 m) No [399,401,406] [346,407–409] [171]
LU/LC (1) Coastline change RapidEye (5 m) No - [410] -
LU/LC (1) Coastline change Planetscope (3 m) No - [410] -
LU/LC (1) Coastal vulnerability assessment - Yes - - [145]
LU/LC (1) Coastal vulnerability assessment Google Earth images No - - [351]
LU/LC (1) Coastal vulnerability assessment Landsat (15–30 m) No [55,411] [275] [102,166,412,413]
LU/LC (1) Coastal vulnerability assessment Sentinel-2 (10–20–60 m) No - - [166]
LU/LC (1) Coastal vulnerability assessment Video camera systems No [273] - -
LU/LC (1) Coastal wetland classification Sentinel-2 (10–20–60 m) No - [353] -
LU/LC (1) Deltaic estuarine transformations Landsat (15–30 m) No [116] - -
LU/LC (1) Flood extent - Yes [107] - -
LU/LC (1) Flood extent Google Earth image No - [120] -
LU/LC (1) Flood extent Landsat (15–30 m) No - [120] [109]

LU/LC Flood risk Sentinel-2 (10–20–60 m) No - - [110]
LU/LC Flood risk SPOT (~10–20 m) No - - [110]

LU/LC (1) Giant kelp Landsat (15–30 m) No [227]
LU/LC (1) Ecosystem services value Landsat (15–30 m) No - - [216]
LU/LC (1) Effects of extreme events - Yes - [383] -
LU/LC (1) Effects of extreme events Sentinel-2 (10–20–60 m) No - - [414]

LU/LC Habitat GaoFen2 (0.8–3.2 m) No - - [415]
LU/LC (1) Habitat GaoFen3-SAR (4.5–5 m) No - - [416]

LU/LC Habitat GaoFen5-HIS (30 m) (2) No - - [417,418]
LU/LC (1) Habitat HSI ZiYuan1-02D (30 m) (2) No - [419] -
LU/LC (1) Habitat Landsat (15–30 m) No [165] [119,420–422] [423,424]

LU/LC Habitat Landsat (15–30 m) No - [119,422] [415]
LU/LC Habitat Landsat (15–30 m) Yes - - [425]

LU/LC (1) Habitat Remotely piloted aircraft (RPAs) No - - [230]
LU/LC (1) Habitat Sentinel-1 (~10 m) No [165,215] - -

LU/LC Habitat Sentinel-2 (10–20–60 m) No - - [418,426]
LU/LC (1) Habitat Sentinel-2 (10–20–60 m) No [215] [420] [427,428]
LU/LC (1) Habitat UAV-Lidar No - [429]
LU/LC (1) Habitat UAV No - [277,356,429] [360]

LU/LC Habitat WorldView-2 (~0.5–2 m) No - [430] -
LU/LC (1) Invasive alien species Landsat (15–30 m) No - [431,432] -
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Table A16. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

LU/LC Invasive alien species UAV No - [431] -
LU/LC (1) LST Landsat (15–30 m) No - [112] -
LU/LC (1) LST Sentinel-2 (10–20–60 m) No - [112] -
LU/LC (1) LU/LC change - Yes - - [433,434]
LU/LC (1) LU/LC change Aerial photos No [364] [435,436] -
LU/LC (1) LU/LC change GaoFen-5-HIS (30 m) (2) No - [219] -
LU/LC (1) LU/LC change Google Earth Image No - - [437]

LU/LC (1) LU/LC change Landsat (15–30 m) No [61,129,389,391,438–
440]

[114,218,220,358,363,
441,442] [217,390,437,443,444]

LU/LC LU/LC change Landsat (15–30 m) No - [445] -
LU/LC (1) LU/LC change MODIS (0.5–1 km) No - [108] -
LU/LC (1) LU/LC change Quickbird (0.6–2.4 m) - - [217]
LU/LC (1) LU/LC change Sentinel-2 (10–20–60 m) No [440] [114,219,220,441]
LU/LC (1) LU/LC change SPOT (~10–20 m) - - [217]
LU/LC (1) LU/LC change Pleiades (0.5–2 m) No [364] - -
LU/LC (1) Macroalgae MODIS (0.5–1 km) No - [203] -
LU/LC (1) Macroalgae Sentinel-1 (~10 m) No - [203] -
LU/LC (1) Macroalgae UAV No - [207] -
LU/LC (1) Mangrove ecosystems - Yes - - [446]
LU/LC (1) Mangrove ecosystems Corona No [121] - -
LU/LC (1) Mangrove ecosystems Google Earth images [121] - -
LU/LC (1) Mangrove ecosystems Landsat (15–30 m) No [121,124] [369,447–449] [162,450,451]
LU/LC (1) Mangrove ecosystems Sentinel-1 (~10 m) No - [452] -
LU/LC (1) Mangrove ecosystems Sentinel-2 (10–20–60 m) No - [369,447,452,453] [450,454]
LU/LC (1) Mangrove ecosystems Pléiades-1 (0.5–2 m) No - [369] -
LU/LC (1) Mangrove ecosystems UAV No - [369] -
LU/LC (1) Microbenthic invertebrate distribution Landsat (15–30 m) No - [306] -
LU/LC (1) Microphytobenthos Sentinel-2 (10–20–60 m) No - [208] -
LU/LC (1) Morphological evolution HJ-1 CCD (30 m) No - [294] -
LU/LC (1) Morphological evolution Pléiades (0.5–2 m) No - [371] -
LU/LC (1) Oil spill - Yes [308] - -
LU/LC (1) Plastic litter - Yes - - [127]
LU/LC (1) Plastic litter PRISMA (30 m) (2) No - [455] -
LU/LC (1) Plastic litter Sentinel-2 (10–20–60 m) No - [126] -
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Table A16. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

LU/LC (1) Primary production Landsat (15–30 m) No [139] - -
LU/LC (1) Sea level rise - Yes [384,456] - -
LU/LC (1) Seagrass UAV No - [207] -
LU/LC (1) Seagrass WorldView 2–3 (~0.5–4 m) No [235] [236]
LU/LC (1) Soil salinization Landsat (15–30 m) No [457] [458] -
LU/LC (1) Soil salinization MODIS (0.5–1 km) No [459] - -
LU/LC (1) Urban sprawl ASD Portable (2) No - - [460]
LU/LC (1) Urban sprawl Hyperion (30 m) (2) No [115] - -
LU/LC (1) Urban sprawl Landsat (15–30 m) No [461,462] [463–465] [392]
LU/LC (1) Urban sprawl MIVIS airborne (2) No [466] -
LU/LC (1) Urban sprawl PRISMA (30 m) (2) No [115] -
LU/LC (1) Water quality estimation Landsat (15–30 m) No - [323,324] -
LU/LC (1) Water quality estimation Sentinel-2 (10–20–60 m) No - [323,324] -
LU/LC (1) Water quality estimation Landsat (15–30 m) No - [306] -

LU/LC Wetland biodiversity estimation ZiYhis1-02D-HSI (30 m) (2) No - [467,468] [193]
LU/LC Wetland biodiversity estimation ZiYuan1-02D-MSI (10 m) No - [468] -

(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.

Table A17. The eligible papers that mapped and/or monitored LAI.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

LAI (1) Habitat Sentinel-2 (10–20–60 m) No - [469] -
LAI (1) Mangrove ecosystems MODIS Yes - - [470]
LAI (1) Mangrove ecosystems Landsat (15–30 m) No - [365] -
LAI (1) Mangrove ecosystems Sentinel-2 (10–20–60 m) No - [365] [123]
LAI (1) Mangrove ecosystems SPOT (~10–20 m) No - [365] -
LAI (1) Mangrove ecosystems WorldView-2 (~0.5–2 m) No - - [123]
LAI (1) Mangrove ecosystems UAV No - - [123]
LAI (1) Seagrass Landsat (15–30 m) No - [233] -

(1) This parameter was mapped and monitored together with other parameters.
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Table A18. The eligible papers that mapped and/or monitored mangroves.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Mangroves Aboveground biomass Sentinel-1 (~10 m) No - - [471]
Mangroves (1) Coastline change Landsat (15–30 m) No - - [214]

Mangroves (1) Coastal vulnerability
assessment Landsat (15–30 m) No [411] - -

Mangroves (1) Influence of El-Nino Landsat No - - [472]
Mangroves (1) Invasive alien species Sentinel-2 (10–20–60 m) No - - [473]
Mangroves (1) LU/LC change Landsat (15–30 m) No [440] - -
Mangroves (1) LU/LC change Sentinel-2 (10–20–60 m) No [440] - -
Mangroves (1) Mangrove ecosystems - Yes [474] - [475]
Mangroves (1) Mangrove ecosystems ALOS-2 No - [365] -
Mangroves (1) Mangrove ecosystems Corona No [121] - -
Mangroves (1) Mangrove ecosystems GaoFen-1 (2–8 m) No - - [367]
Mangroves (1) Mangrove ecosystems GaoFen-5-HIS (2) No - [122] -
Mangroves (1) Mangrove ecosystems Google Earth Image No [121,476] - -
Mangroves (1) Mangrove ecosystems Hyperion (30 m) (2) No - [122] -
Mangroves (1) Mangrove ecosystems Landsat (15–30 m) No [121,124] [365,369,447–449] [446,450,451,470,477–479]
Mangroves (1) Mangrove ecosystems MODIS (0.5–1 km) No - [480] [470]
Mangroves (1) Mangrove ecosystems SPOT (~10–20 m) No - [365] -
Mangroves (1) Mangrove ecosystems PRISMA (30 m) (2) - [122] -

Mangroves Mangrove ecosystems Sentinel-1 (~10 m) No [481] - -
Mangroves (1) Mangrove ecosystems Sentinel-1 (~10 m) No - [452] [368,446]

Mangroves Mangrove ecosystems Sentinel-2 (10–20–60 m) No [482] -
Mangroves (1) Mangrove ecosystems Sentinel-2 (10–20–60 m) No [476] [122,365,366,369] [123,368,446,454,470]

Mangroves Mangrove ecosystems Sentinel-3 (300 m) No - [482] -
Mangroves (1) Mangrove ecosystems HSI ZiYuan1-02D (30 m) (2) No - [122] -
Mangroves (1) Mangrove ecosystems MSI ZiYuan1–3 (2.1–8 m) No - - [367]
Mangroves (1) Mangrove ecosystems WorldView-2 (~0.5–2 m) No - - [123]
Mangroves (1) Mangrove ecosystems UAV No - - [123]
Mangroves (1) Tidal flat Sentinel-2 (10–20–60 m) No - [453] -

(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.
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Table A19. The eligible papers that mapped and/or monitored marine litter.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Marine litter (1) Litter UAV No - - [362]
Marine litter (1) Marine litter Orthophoto No [370] - -
Marine litter (1) Marine litter UAV No - - [128]

Marine litter Plastic litter GNSS-R systems (lab) No [483] - -
Marine litter (1) Plastic litter PRISMA (30 m) (2) No - [455] -

Marine litter Plastic litter Sentinel-2 (10–20–60 m) No - - [54]
Marine litter (1) Plastic litter Sentinel-2 (10–20–60 m) No - [126,484] -

Marine litter Plastic litter UAV No - [485] [486–488]
Marine litter Plastic litter UAV Hyperspectral (2) No - - [489]

Marine litter (1) Plastic litter - Yes - - [127,486]
(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.

Table A20. The eligible papers that monitored “fires and thermal anomalies”, nightlight, and nighttime light intensity.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Fires and thermal
anomalies (1) Methane plume Visible Infrared

Imaging Radiometer Suite (VIIRS) Yes - [130] -

Nightlight (1) LU/LC change - Yes [129] - -

Nightlight (1) LU/LC change Visible Infrared
Imaging Radiometer Suite (VIIRS) Yes - - [444]

Nightlight (1) Plastic litter Visible Infrared
Imaging Radiometer Suite (VIIRS) Yes - - [127]

Nightlight (1) Urban sprawl - Yes [113] - -
(1) This parameter was mapped and monitored together with other parameters.
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Table A21. The eligible papers that mapped and/or monitored methane and oil.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Methane (1) Methane plume Landsat (15–30 m) No - [130] -
Methane (1) Methane plume Sentinel-2 (10–20–60 m) No - [130] -
Methane (1) Methane plume WorldView-3 (~0.5–4 m) No - [130] -

Oil (1) Oil spill - No [490] - -
Oil Oil spill Sentinel-1 (~10 m) No - [491–493] [131]

Oil (1) Oil spill Sentinel-1 (~10 m) No [308] [307,334,335,494] [92]
Oil Oil spill Sentinel-2 (10–20–60 m) No - - [131]

Oil (1) Oil spill Sentinel-2 (10–20–60 m) No - [307,335] -
(1) This parameter was mapped and monitored together with other parameters.

Table A22. The eligible papers that mapped and/or monitored POC.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

POC (1) Macroalgae MODIS (0.5–1 km) Yes - - [204]
POC (1) Oil spill - Yes - [307] -
POC (1) Particulate organic carbon MODIS (0.5–1 km) Yes [98] [309] -
POC (1) Particulate organic carbon SeaWiFS (1.1–4.5 km) Yes [98] - -
POC (1) Particulate organic carbon VIIRS-SNPP Yes [98] - -
POC (1) Primary production MODIS (0.5–1 km) Yes [139] - -

(1) This parameter was mapped and monitored together with other parameters.

Table A23. The eligible papers that mapped and/or monitored PAR.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

PAR (1) Green tide MODIS (1 km) Yes - [199] -
PAR (1) Mangrove ecosystems MODIS (1 km) Yes - [133] -
PAR (1) Mangrove ecosystems Sentinel-2 (10–20–60 m) Yes - [133] -

PAR (1) Phytoplankton crops and
taxonomic composition SeaWiFS (1.1–4.5 km) Yes - [96] -

PAR (1) Primary production MODIS (0.5–1 km) Yes - [157] -
PAR (1) Primary production MODIS (0.5–1 km) Yes [139] [289] -

(1) This parameter was mapped and monitored together with other parameters.
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Table A24. The eligible papers that mapped and/or monitored phycocyanin.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Phycocyanin (1) Phycocyanin HICO™ (~90 m) (2) No - - [134]
Phycocyanin (1) Phycocyanin PRISMA (30 m) (2) No - - [134]

(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.

Table A25. The eligible papers that mapped and/or monitored plumes.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Plumes (1) Anthropogenic activities Landsat (15–30 m) No - [495] -
Plumes (1) Anthropogenic activities MERIS (300 m) No - [495] -
Plumes (1) Anthropogenic activities MODIS (0.5–1 km) No - [495] -
Plumes (1) Anthropogenic activities SeaWIFs (1.1–4.5 km) No - [495] -

Plumes Sediment plumes UAV No - [496] -
Plumes (1) Sediment plumes MODIS (0.5–1 km) No - [497] -
Plumes (1) Sediment plumes Sentinel-2 (10–20–60 m) No - [135] -

Plumes (1) Suspended sediments Geostationary Ocean Color
Imager (GOCI) No - - [337]

Plumes (1) Suspended sediments Landsat (15–30 m) No - - [337]
Plumes (1) Suspended sediments Sentinel-2 (10–20–60 m) No - - [337]
Plumes (1) Suspended sediments Landsat (15–30 m) No - [292] -
Plumes (1) Suspended sediments Sentinel-2 (10–20–60 m) No - [292] -
Plumes (1) Suspended sediments - Yes - [336] -
Plumes (1) Water quality estimation Sentinel-2 (10–20–60 m) No - [498] -

(1) This parameter was mapped and monitored together with other parameters.

Table A26. The eligible papers that mapped and/or monitored PP.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

PP (1) LU/LC change - Yes [61] - -
PP (1) LU/LC change MODIS (0.5–1 km) Yes [389] - -
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Table A26. Cont.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

PP (1) Macroalgae MODIS (0.5–1 km) Yes - - [204]
PP (1) Mangrove ecosystems MODIS (0.5–1 km) Yes - - [470]
PP (1) Primary production - Yes [69] [289] -
PP (1) Primary production Landsat (15–30 m) No [139] - -
PP (1) Primary production MODIS (0.5–1 km) No [138,139] - -

(1) This parameter was mapped and monitored together with other parameters.

Table A27. The eligible papers that mapped and/or monitored salt marshes.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Salt marshes (1) Aboveground biomass ASD Portable (2) No - [140] -
Salt marshes (1) Aboveground biomass Sentinel-2 (10–20–60 m) No - [140] -
Salt marshes (1) Coastal salt marshes Sentinel-1 (~10 m) No [141] - [388]
Salt marshes (1) Coastal salt marshes Sentinel-2 (10–20–60 m) No [141] - -
Salt marshes (1) Habitat Landsat (15–30 m) No - [119,422] -
Salt marshes (1) Habitat Sentinel-2 (10–20–60 m) No - - [427,428]
Salt marshes (1) Habitat UAV-Lidar No - [142] -
Salt marshes (1) Habitat UAV-MSI No - [142] -
Salt marshes (1) Leaf area index Sentinel-2 (10–20–60 m) No - [469] -

(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.

Table A28. The eligible papers that mapped and/or monitored SLA and SLR.

Parameter Phenomena Remote Data
or Dataset Available Products References

2023 References 2022 References 2021

SLA (1) Bottom friction
coefficients - Yes - - [268]

SLA (1) Climate change - Yes - - [147]
SLA (1) Climate change NOAA Yes - - [396,397]
SLA (1) Coastline change - Yes [150,269] [499,500] -
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Table A28. Cont.

Parameter Phenomena Remote Data
or Dataset Available Products References

2023 References 2022 References 2021

SLA (1) Coastal vulnerability
assessment - Yes [273] - -

SLA (1) Coastal vulnerability
assessment ENVISAT Yes - - [145]

SLA (1) Coastal vulnerability
assessment ERS Yes - - [145]

SLA (1) Coastal vulnerability
assessment RADARSAT Yes - - [145]

SLA (1) Coastal vulnerability
assessment

Global Sea Level
Observing (GLOSS) Yes - [275] -

SLA (1) Effects of extreme events - Yes [153] - [170,501]

SLA Effects of extreme events

Global Navigation
Satellite Systems
interferometric

reflectometry (GNSS-R) fixed station

No - - [143]

SLA (1) Fishing zones - Yes [303] - -
SLA (1) Flood extent - Yes [62] [354] -
SLA (1) Global tide - Yes - - [502]
SLA (1) Global tide FES2014 Yes - - [503]
SLA (1) LU/LC change - Yes - - [443]
SLA (1) Influence of El-Nino - Yes - - [472]
SLA (1) Plastic litter - Yes - - [146]
SLA (1) Sea level anomaly - Yes [64] - [63,144,504–507]
SLA (1) Sea level anomaly Jason-3 altimeter No - [290] -

SLA Sea level anomaly GNSS-R fixed station Yes - - [508]
SLA Sea level anomaly GNSS-R Geo fixed

station No - [509]

SLA (1) Sea level anomaly X-TRACK multisatellite Yes - - [144]
SLA (1) SST Yes - - [510]
SLA (1) Subsidence Sentinel-1 (~10 m) No - [379] -
SLA (1) Tidal evolution X-TRACK multisatellite Yes - [511] -
SLA (1) Tidal flat - Yes - [375] -
SLR (1) Sea level rise - Yes [384,456] [381] [512]
SLR (1) Sea level rise Global LiDAR lowland DTM (GLL_DTM) Yes - - [513]

(1) This parameter was mapped and monitored together with other parameters.
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Table A29. The eligible papers that mapped and/or monitored SSS.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

SSS (1) Coastal salt marshes - Yes - - [388]
SSS (1) Effects of extreme events - Yes [59] - -
SSS (1) Harmful algal bloom - Yes [304] - -
SSS (1) Hydrographic structure - Yes [280] - -
SSS (1) Mangrove ecosystems - Yes - [133,480] -
SSS (1) Marine aquaculture - Yes - [514] -
SSS (1) Phytoplankton - Yes - [311,318] -
SSS (1) Red tide bloom GNSS-R No - [188] -
SSS (1) Seagrass - Yes - - [321]
SSS (1) SSS - Yes - - [148]

SSS SSS plumes - Yes - - [515]
SSS (1) SST and SSS fronts - Yes [65] - -
SSS (1) Water quality estimation - Yes - [327] -

(1) This parameter was mapped and monitored together with other parameters.

Table A30. The eligible papers that mapped and/or monitored SST.

Parameter Phenomena Remote Data
or Dataset Available Products References

2023 References 2022 References 2021

SST (1) Anthropogenic activities Landsat (15–30 m) No - [167] -
SST (1) Biotoxin risk - Yes - - [296]
SST (1) Algal blooms MODIS (0.5–1 km) No [72] - -
SST (1) Algae distribution - Yes - [206] -
SST (1) Biosiliceous sedimentation flux Landsat (15–30 m) No - [267] -
SST (1) Cyanobacterial pigment concentrations - Yes - - [89,182]
SST (1) Discharge water temperature Landsat (15–30 m) No - [516] -
SST (1) Effects of COVID-19 lockdown - Yes - [169] -

SST Escherichia coli UAV TIR No - [517] -
SST (1) Effects of extreme events - Yes [59,153] - -
SST (1) Fishing zones MODIS (0.5–1 km) Yes [303,382] - -
SST (1) Giant kelp NOAA Yes - - [228]
SST (1) Green tide AVHRR (5 km) Yes - [199] -
SST (1) Green tide Landsat (15–30 m) No - - [200]
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Table A30. Cont.

Parameter Phenomena Remote Data
or Dataset Available Products References

2023 References 2022 References 2021

SST (1) Green tide MODIS (0.5–1 km) No - - [200]
SST (1) Harmful algal bloom MODIS (0.5–1 km) Yes [304] [305] [76]
SST (1) Harmful algal risk - Yes - - [296]

SST Habitat NOAA Yes - - [518]
SST (1) Hydrographic structure - Yes [280] - -

SST (1) Industrial warm drainage TASI-600, airborne thermal infrared
imaging spectral system No [519] - -

SST (1) Influence of El-Nino - Yes - - [472]
SST (1) Invasive alien species - Yes - - [520]
SST (1) Macroalgae - Yes - [206] -
SST (1) Mangrove ecosystems MODIS (0.5–1 km) Yes - [133,480] -
SST (1) Marine aquaculture - Yes - [514] [75]

SST Marine heatwaves - Yes - - [149]
SST (1) Marine heatwaves - Yes - [282]
SST (1) Marine heatwaves NOAA Yes - [521] -
SST (1) Oil spill - Yes - [307] -
SST (1) Phytoplankton - Yes - [311,318] -
SST (1) Primary production - Yes - [289] -
SST (1) Primary production Landsat (15–30 m) Yes [139]
SST (1) Primary production MERIS (300 m) Yes - [157] -
SST (1) Primary production MODIS (0.5–1 km) Yes [69,138] [157] -
SST (1) Particulate organic carbon MODIS (0.5–1 km) Yes - [309] -
SST (1) Phytoplankton blooms MODIS (0.5–1 km) No [184] -
SST (1) Plastic litter - Yes - - [146]
SST (1) Red tide bloom GNSS-R No - [188] -
SST (1) Seagrass MODIS (0.5–1 km) Yes - - [321]
SST (1) Sea ice - Yes - - [111]
SST (1) SSS - Yes - - [148]
SST (1) SSS and SST fronts - Yes [65] - -
SST (1) SST front MODIS (0.5–1 km) Yes - - [522,523]

SST SST prediction capability AATSR Yes [68] - -
SST SST prediction capability AVHRR Yes [68] - -
SST SST prediction capability MODIS (0.5–1 km) Yes [68] - -
SST SST prediction capability SEVIRI Yes [68] - -

SST (1) SST - Yes - [291] [510]
SST (1) Water quality estimation AVHRR Yes - - [322]

(1) This parameter was mapped and monitored together with other parameters.
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Table A31. The eligible papers that mapped and/or monitored the shoreline.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Shoreline (1) Anthropogenic activities Landsat (15–30 m) No - [167] -
Shoreline (1) Avulsion sites Landsat (15–30 m) No - [340] -
Shoreline (1) Bathymetry Sentinel-2 (10–20–60 m) No [84] - [258]
Shoreline (1) Climate Change - Yes - - [396]

Shoreline Coastline change - Yes - - [524]
Shoreline Coastline change Aerial photos No [525,526] [527,528] [398,529]

Shoreline (1) Coastline change Aerial photos No [400,406] [530,531] [398,532]
Shoreline (1) Coastline change ALOS Palsar Yes - - [117]

Shoreline Coastline change ASAR No - - [151]
Shoreline (1) Coastline change ASAR No - [344] -

Shoreline Coastline change Canadian RadarSAT-2
spaceborne No - - [533]

Shoreline Coastline change GaoFen-1 (2–8 m) No - - [534]
Shoreline Coastline change GaoFen3-SAR (4.5–5 m) No - - [151]
Shoreline Coastline change Google Earth image No [525,526] [528,535] -

Shoreline (1) Coastline change Google Earth image No [150,269] [345,404,531] [398,532]
Shoreline Coastline change HSI ZiYuan1-02D (30 m) (2) No [409] -

Shoreline (1) Coastline change Landsat (15–30 m) No [150,269,293,342,
399,400,406]

[213,344,345,401–
404,499,500,530,536,

537]
[117,171,214,271,332,347,532]

Shoreline Coastline change Landsat (15–30 m) No [525,526] [538–540] [70,151,152,154,541–543]
Shoreline Coastline change SPOT (~10–20 m) No - [544] -

Shoreline (1) Coastline change Sentinel-1 (~10 m) No [343] [344] [117]
Shoreline Coastline change Sentinel-1 (~10 m) No - [538] [151,545]

Shoreline (1) Coastline change Sentinel-2 (10–20–60 m) No [343,406,546] [270,346,348,401,
407–409,530,537] [171,347]

Shoreline Coastline change Sentinel-2 (10–20–60 m) No [343,406] [538] [70,541]
Shoreline (1) Coastline change RapidEye (5 m) No [293] [410] -
Shoreline (1) Coastline change Planetscope (3 m) No [293] [410] -

Shoreline Coastline change Pleiades (0.5–2 m) No - [527,547] -
Shoreline (1) Coastline change Portable lidar No [410] -

Shoreline Coastline change UAV no - [346,528] -
Shoreline (1) Coastline change UAV No - [270,346,348,531] [398,529]

Shoreline Coastline change WorldView-2 (~0.5–2 m) No - [527] -
Shoreline (1) Coastal aquaculture ponds Sentinel-2 (10–20–60 m) No - [77] -
Shoreline (1) Coastal vulnerability assessment Aerial photos No [91] [361] -
Shoreline (1) Coastal vulnerability assessment Google Earth image No - [361] -
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Table A31. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Shoreline Coastal vulnerability assessment Landsat (15–30 m) No - - [548]
Shoreline (1) Coastal vulnerability assessment Landsat (15–30 m) No [411] [275] [102,166,352,412]
Shoreline (1) Coastal vulnerability assessment Sentinel-2 (10–20–60 m) No - - [352]
Shoreline (1) Coastal vulnerability assessment Pleiades (0.5–2 m) No - - [352]
Shoreline (1) Coastal vulnerability assessment UAV No [91] - -
Shoreline (1) Coastal vulnerability assessment Video camera systems No [273] - -
Shoreline (1) Coastal vulnerability assessment WorldView-2 (~0.5–2 m) No [91] - -
Shoreline (1) Deltaic estuarine transformations Landsat (15–30 m) No [116] - -
Shoreline (1) Effects of COVID-19 lockdown GaoFen-1 WFV (16 m) No - - [549]
Shoreline (1) Effects of COVID-19 lockdown Landsat (15–30 m) No - - [549]

Shoreline Effects of extreme events Google Earth image No [550] - -
Shoreline Effects of extreme events Landsat (15–30 m) No [550] - -

Shoreline (1) LU/LC change - Yes - - [433]
Shoreline (1) LU/LC change Aerial photos No [364] - -
Shoreline (1) LU/LC change Landsat (15–30 m) - - [217]
Shoreline (1) LU/LC change Quickbird - - [217]
Shoreline (1) LU/LC change SPOT (~10–20 m) - - [217]
Shoreline (1) LU/LC change Pleiades (0.5–2 m) No [364] - -
Shoreline (1) Habitat GeoEye No - [420] -
Shoreline (1) Habitat Google Earth image No - - [164]
Shoreline (1) Habitat Sentinel-2 (10–20–60 m) No - [551,552] -
Shoreline (1) Morphological evolution Huanjing-1B (150–300 m) No - [294] -
Shoreline (1) Mangrove ecosystems Landsat (15–30 m) No - [122] [475,477,479]
Shoreline (1) Morphological evolution GaoFen-1 WFV (16 m) No - [294] -

Shoreline Morphological evolution Landsat (15–30 m) No [283] - -
Shoreline (1) Morphological evolution Landsat (15–30 m) No - [285,294] -
Shoreline (1) Morphological evolution Sentinel-2 (10–20–60 m) No - [553] -
Shoreline (1) Morphological evolution UAV No - [285,287] -
Shoreline (1) Oil spill - Yes [490] [494] -
Shoreline (1) Oil spill Sentinel-1 (~10 m) No - [334] -
Shoreline (1) Sea level rise Landsat (15–30 m) No - [381] [506]
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Table A31. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Shoreline (1) Sea level rise WorldView-2 (~0.5–2 m) No - [381] [506]
Shoreline (1) Suspended sediments Landsat (15–30 m) No - - [337]
Shoreline (1) Suspended sediments Sentinel-2 (10–20–60 m) No - - [337]
Shoreline (1) Tidal flat Sentinel-2 (10–20–60 m) No - - [554]
Shoreline (1) Water quality estimation Landsat (15–30 m) No - [323,324] -
Shoreline (1) Water quality estimation Sentinel-2 (10–20–60 m) No - [323,324] -

(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.

Table A32. The eligible papers that mapped and/or monitored soil salinization and soil moisture.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Soil salinization (1) LU/LC change Landsat (15–30 m) No - - [434]
Soil salinization Soil salinization ASD Portable (2) No - - [555]

Soil salinization (1) Soil salinization Landsat (15–30 m) No [457,556] [156,458] [155]
Soil salinization (1) Soil salinization MODIS (0.5–1 km) No [459] - -
Soil salinization (1) Soil salinization Sentinel-2 (10–20–60 m) No - - [125]
Soil salinization (1) Soil salinization Portable SOC710VP No - - [125]
Soil salinization (1) Soil salinization UAV No - - [125]

Soil moisture (1) Urban sprawl MODIS (0.5–1 km) No [113] - -
(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.

Table A33. The eligible papers that mapped and/or monitored SPM, SSCs, and TSM.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

SPM Global suspended sediments Visible Infrared Imaging
Radiometer Suite (VIIRS) No - - [557]

SPM (1) Suspended sediments Geostationary Ocean Color
Imager (GOCI) (500 m) No - - [337]
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Table A33. Cont.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

SPM Suspended sediments HY-1C/D (50 m) No [56] - -
SPM Suspended sediments Landsat (15–30 m) No [56] - -

SPM (1) Suspended sediments Landsat (15–30 m) No - - [337]
SPM (1) Suspended sediments Sentinel-2 (10–20–60 m) No - - [337]
SSCs (1) Anthropogenic activities Landsat (15–30 m) No - [495] -
SSCs (1) Anthropogenic activities MERIS (300 m) No - [495] -
SSCs (1) Anthropogenic activities MODIS (0.5–1 km) No - [495] -
SSCs (1) Anthropogenic activities SeaWIFs (1.1–4.5 km) No - [495] -
SSCs (1) Coastal structures GOCI (500 m) No - - [272]
SSCs (1) Coastal structures Landsat (15–30 m) No - - [272]
SSCs (1) Climate change Landsat (15–30 m) No - [495] -
SSCs (1) Climate change MERIS (300 m) No - [495] -
SSCs (1) Climate change MODIS (0.5–1 km) No - [495] -
SSCs (1) Climate change SeaWIFs (1.1–4.5 km) No - [495] -
SSCs (1) Distribution of heavy metals MODIS (0.5–1 km) No [276] - -
SSCs (1) Effects of extreme events GOCI (500 m) No - - [170]
SSCs (1) Seaweed aquaculture HY-1C (50 m) No - [80] -
SSCs (1) Seaweed aquaculture Sentinel-2 (10–20–60 m) No - [80] -
SSCs (1) Sediment plumes Sentinel-2 (10–20–60 m) No - [135] -
SSCs (1) Suspended sediments ASD Portable (2) No - [292] [558]
SSCs (1) Suspended sediments Landsat (15–30 m) No - [292] -
SSCs (1) Suspended sediments Sentinel-2 (10–20–60 m) No - [292] -
TSM (1) Dissolved organic carbon MODIS (0.5–1 km) Yes - [297]
TSM (1) Effects of COVID-19 lockdown GaoFen-1 WFV (16 m) No - - [549]
TSM (1) Effects of COVID-19 lockdown Landsat (15–30 m) No - - [549]
TSM (1) Eutrophication DJI M600Pro UAV (2) No [299] - -

TSM (1) Eutrophication hyperspectral
imager Pika L (2) No [299] - -

TSM (1) Harmful algal bloom Sentinel-2 (10–20–60 m) No - - [183]
TSM (1) Marine aquaculture - Yes - - [75]

TSM (1) Phenology and niche ecology
of harmful species METEOSAT Yes - [159] -
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Table A33. Cont.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

TSM (1) Phytoplankton Sentinel-2 (10–20–60 m) No - - [331]
TSM (1) Seagrass Landsat (15–30 m) No - [232] -
TSM (1) Seagrass MODIS (0.5–1 km) Yes - - [321]
TSM (1) Suspended sediments - Yes - [336] -
TSM (1) Water hyacinth Sentinel-2 (10–20–60 m) No - [160] -
TSM (1) Water quality estimation MODIS (0.5–1 km) No - [88] -
TSM (1) Water quality estimation Landsat (15–30 m) No - [86,88,191] -
TSM (1) Water quality estimation Sentinel-2 (10–20–60 m) No [326] [86,88,160,191,327] -
TSM (1) Water quality estimation Sentinel-3 (300 m) No - [86,88] [90]
TSM (1) Water quality estimation UAV No [326] - -

(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.

Table A34. The eligible papers that mapped and/or monitored tidal data.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Tidal data (1) Bathymetry Sentinel-2 (10–20–60 m) No [84] - -
Tidal data (1) Bottom friction coefficients - Yes - - [268]
Tidal data (1) Bull and giant kelp - Yes - - [226,229]
Tidal data (1) Coastal structures - Yes - - [272]
Tidal data (1) Coastline change - Yes [150,269,546] [346,530,536] [271,347,532]

Tidal data (1) Coastal vulnerability
assessment - Yes - - [145]

Tidal data (1) Coastal vulnerability
assessment WXTide Yes - [275] -

Tidal data (1) Discharge water temperature - Yes - [516] -
Tidal data (1) Effects of extreme events - Yes [501] - [170]
Tidal data (1) Flood extent - Yes [62] - -
Tidal data (1) Global tide - Yes - - [502]
Tidal data (1) Global tide FES2014 Yes - - [503]
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Table A34. Cont.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Tidal data (1) Industrial warm drainage airborne No [519] - -
Tidal data (1) Habitat - - [164]
Tidal data (1) Morphological evolution - Yes - [295] -
Tidal data (1) Oil spill - Yes - [335] -
Tidal data (1) Sea level - Yes - - [504]
Tidal data (1) Sea level anomaly - Yes - - [63]
Tidal data (1) Sea level anomaly X-TRACK multisatellite Yes - [511] [144]
Tidal data (1) Tidal evolution X-TRACK multisatellite Yes - [511] -
Tidal data (1) Tidal flat - Yes - - [554]

(1) This parameter was mapped and monitored together with other parameters.

Table A35. The eligible papers that mapped and/or monitored vegetation cover.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Vegetation cover (1) Aboveground biomass Landsat (15–30 m) No - - [393]
Vegetation cover (1) Aboveground biomass Sentinel-2 (10–20–60 m) No - [140] -
Vegetation cover (1) Aboveground biomass UAV No - - [393]

Vegetation cover (1) Agricultural nonpoint source
pollution Sentinel-2 (10–20–60 m) No - [394] -

Vegetation cover (1) Anthropogenic activities Landsat (15–30 m) No - [167] -
Vegetation cover (1) Avulsion sites Landsat (15–30 m) No - [340] -
Vegetation cover (1) Coastal aquaculture ponds Google Earth images No - [78] -
Vegetation cover (1) Coastal aquaculture ponds Landsat (15–30 m) No - [78,79] -
Vegetation cover (1) Coastal aquaculture ponds Sentinel-2 (10–20–60 m) No - [78,79] -
Vegetation cover (1) Coastal forested wetland UAV No - [341] -
Vegetation cover (1) Coastline change Landsat (15–30 m) No [163] [403] -

Vegetation cover (1) Coastal vulnerability
assessment Landsat (15–30 m) No [411] - [412]
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Table A35. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Vegetation cover (1) Coastal vulnerability
assessment Sentinel-2 (10–20–60 m) No - - [166]

Vegetation cover (1) Effects of extreme events RapidEye (5 m) No - - [414]
Vegetation cover (1) Giant kelp Sentinel-2 (10–20–60 m) No - - [228]
Vegetation cover (1) Green tide Landsat (15–30 m) No - [199] [194]
Vegetation cover (1) Green tide Sentinel-2 (10–20–60 m) No - [199] -
Vegetation cover (1) Habitat GaoFen2 (0.8–3.2 m) No - - [559]
Vegetation cover (1) Habitat GaoFen3 No [416]
Vegetation cover (1) Habitat Landsat (15–30 m) No [165,438] [420,421,551] [424,559]
Vegetation cover (1) Habitat RapidEye (5 m) No - - [424]
Vegetation cover (1) Habitat Remotely piloted aircraft (RPAs) No - - [230]
Vegetation cover (1) Habitat Sentinel-1 (~10 m) No - - [560]
Vegetation cover (1) Habitat Sentinel-2 (10–20–60 m) No [215] [420,552] [428,560]
Vegetation cover (1) Habitat UAV-MSI No - [142] [279,355]
Vegetation cover (1) Habitat UAV- Lidar No - [142] -
Vegetation cover (1) Influence of El-Nino Landsat No - - [472]
Vegetation cover (1) Intertidal polychaete reefs UAV-MSI No - [82] -
Vegetation cover (1) Invasive alien species Landsat (15–30 m) No - - [520]
Vegetation cover (1) Invasive alien species Sentinel-2 (10–20–60 m) No - - [473,520]
Vegetation cover (1) Invasive alien species UAV-MSI No [161] - -
Vegetation cover (1) LU/LC change - Yes [129] - -
Vegetation cover (1) LU/LC change Landsat (15–30 m) No [389,439,440] [114,358,441] [155,390,434,443]
Vegetation cover (1) LU/LC change Sentinel-2 (10–20–60 m) No [440] [114,441] -
Vegetation cover (1) LU/LC change WorldView-2 (~0.5–2 m) No - [430] -
Vegetation cover (1) Macroalgae MODIS (0.5–1 km) No - [203] -
Vegetation cover (1) Mangrove ecosystems G-LiHT airborne image (2) No - - [162]
Vegetation cover (1) Mangrove ecosystems Google Earth images No [476] - -
Vegetation cover (1) Mangrove ecosystems Landsat (15–30 m) No [124] [449] [162,478,479]
Vegetation cover (1) Mangrove ecosystems MODIS (0.5–1 km) Yes - [480] -
Vegetation cover (1) Mangrove ecosystems Sentinel-2 (10–20–60 m) No [476] [366] [123]
Vegetation cover (1) Mangrove ecosystems WorldView-2 (~0.5–2 m) No - - [123]
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Table A35. Cont.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Vegetation cover (1) Mangrove ecosystems UAV No - - [123]
Vegetation cover (1) Microphytobenthos Sentinel-2 (10–20–60 m) No - [208] -
Vegetation cover (1) Morphological evolution Landsat (15–30 m) No - [285] -
Vegetation cover (1) Morphological evolution Sentinel-2 (10–20–60 m) No - [553] -
Vegetation cover (1) Morphological evolution UAV-MSI No - [285] -
Vegetation cover (1) Primary production Landsat (15–30 m) No [139] - -
Vegetation cover (1) Primary production MODIS (0.5–1 km) No [139] - -
Vegetation cover (1) Sea snots Sentinel-2 (10–20–60 m) No - [190] -
Vegetation cover (1) Seaweed aquaculture HY-1C (50 m) No - [80] -
Vegetation cover (1) Seaweed aquaculture Sentinel-1 (~10 m) No - [223] -
Vegetation cover (1) Seaweed aquaculture Sentinel-2 (10–20–60 m) No - [80] -
Vegetation cover (1) Soil salinization Landsat (15–30 m) No [459,556] [156,458] [155]
Vegetation cover (1) Soil salinization MODIS (0.5–1 km) No [459] - -
Vegetation cover (1) Soil salinization Sentinel-2 (10–20–60 m) No - - [125]
Vegetation cover (1) Soil salinization SOC710VP portable No - - [125]
Vegetation cover (1) Soil salinization UAV No - - [125]
Vegetation cover (1) Tidal flat Sentinel-2 (10–20–60 m) No - [453] [554]
Vegetation cover (1) Urban sprawl Hyperion (30 m) (2) No [115] - -
Vegetation cover (1) Urban sprawl Landsat (15–30 m) No [461,462] [463–465] [392]
Vegetation cover (1) Urban sprawl MIVIS airborne (2) No [466] - -
Vegetation cover (1) Urban sprawl MODIS (0.5–1 km) No [113] - -
Vegetation cover (1) Urban sprawl PRISMA (30 m) (2) No [115] - -
Vegetation cover (1) Water hyacinth Sentinel-2 (10–20–60 m) No - [160] -
Vegetation cover (1) Water quality estimation Sentinel-2 (10–20–60 m) No - [160] -

Vegetation structure (1) Mangrove ecosystems G-LiHT airborne image (2) No - - [162]
(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.
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Table A36. The eligible papers that mapped and/or monitored vegetation species.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Coastal vegetation (1) Coastal vulnerability
assessment Sentinel-2 (10–20–60 m) No - - [166]

Coastal vegetation (1) Habitat GaoFen2 (0.8–3.2 m) No - - [559]
Coastal vegetation (1) Habitat Google Earth image No - - [164]
Coastal vegetation (1) Habitat Landsat (15–30 m) No - - [424,559]
Coastal vegetation (1) Habitat RapidEye (5 m) No - - [424]

Coastal vegetation (1) Wetland Biodiversity
Estimation ZiYuan1-02D-HIS (30 m) (2) No - [467] -

Coastal vegetation (1) Wetland Biodiversity
Estimation ZiYuan1-02D-MSI (10 m) No - [467] -

Invasive species (1) Coastal vulnerability
assessment Landsat (15–30 m) No [55] - [413]

Invasive species (1) Invasive alien species Landsat (15–30 m) No - - [520]
Invasive species (1) Invasive alien species Sentinel-2 (10–20–60 m) No - - [473,520]
Invasive species (1) Invasive alien species UAV-MSI No [161] - -
Invasive species (1) Invasive alien species UAV No [161] - -
Invasive species (1) LU/LC change Google Earth image No - - [437]
Invasive species (1) LU/LC change Landsat (15–30 m) No - - [437]
Invasive species (1) Mangrove ecosystems ALOS-2 No - [365] -
Invasive species (1) Mangrove ecosystems Landsat (15–30 m) No - [365] -
Invasive species (1) Mangrove ecosystems SPOT (~10–20 m) No - [365] -
Invasive species (1) Tidal flat Sentinel-2 (10–20–60 m) No - [453] -
Riparian species (1) Invasive alien species Landsat (15–30 m) No - [432] -

Salt marsh species (1) Habitat Sentinel-1 (~10 m) No - - [560]
Salt marsh species (1) Habitat Sentinel-2 (10–20–60 m) No - - [428,560]
Salt marsh species (1) Habitat UAV-Lidar No - [142] -
Salt marsh species (1) Habitat UAV-MSI No - [142] -
Wetland species (1) Habitat Sentinel-1 (~10 m) No [165,215] - -
Wetland species (1) Habitat Sentinel-2 (10–20–60 m) No [215] - -
Wetland species (1) Habitat UAV-MSI No - - [279,355]

(1) This parameter was mapped and monitored together with other parameters; (2) hyperspectral data.
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Table A37. The eligible papers that mapped and/or monitored the water turbidity.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Water turbidity (1) Atmospheric correction Sentinel-3 (300 m) No - - [53]
Water turbidity (1) Anthropogenic activities Landsat (15–30 m) No - [167] -
Water turbidity (1) Biotoxin risk - Yes - - [296]
Water turbidity (1) Coastal vulnerability assessment Landsat (15–30 m) No - - [412]
Water turbidity (1) Effects of COVID-19 lockdown Sentinel-3 (300 m) No - [169] -
Water turbidity (1) Harmful algal bloom MODIS (0.5–1 km) No - - [76]
Water turbidity (1) Harmful algal risk - Yes - - [296]
Water turbidity (1) Marine aquaculture - Yes - [514] -
Water turbidity (1) Microbenthic invertebrate distribution - Yes - [306] -
Water turbidity (1) Water quality estimation - Yes - [306] -
Water turbidity (1) Water quality estimation Landsat (15–30 m) No - [323,324] -
Water turbidity (1) Water quality estimation Sentinel-2 (10–20–60 m) No - [323,324,327,328,498] [168]
Water turbidity (1) Water quality estimation Sentinel-3 (300 m) No - - [168]

Rrs (645) (1) Sediment plumes MODIS (0.5–1 km) No - [497] -
(1) This parameter was mapped and monitored together with other parameters.

Table A38. The eligible papers that mapped and/or monitored the wave data.

Parameter Phenomena Remote Data
or Dataset

Available
Products References 2023 References 2022 References 2021

Mean Significant
Wave Height (1) Coastal vulnerability assessment INCOIS Wave Rider Yes - [275] -

Wave (1) Coastal vulnerability
assessment - Yes [91] - -

Wave (1) Coastline change - Yes [546] [346,531,537] [171]
Wave (1) Coastline change Radar fix positions No - [270] -
Wave (1) Effects of extreme events - Yes - - [170]
Wave (1) Wave heights Jason Yes - [561] [562]

(1) This parameter was mapped and monitored together with other parameters.
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Table A39. The eligible papers that mapped and/or monitored the wind data.

Parameter Phenomena Remote Data
or Dataset Available Products References 2023 References 2022 References 2021

Wind (1) Biotoxin risk - Yes - - [296]
Wind (1) Blue ice - Yes - [385] -
Wind (1) Coastline change - Yes [537] [332]

Wind (1) Coastal vulnerability
assessment - Yes - - [102,412]

Wind (1) Coastal vulnerability
assessment

Marine X-band radar
(MR) system Yes - [333] -

Wind Effects of extreme events - Yes [59,153] - [170]
Wind (1) Green tide - Yes - - [200]
Wind (1) Habitat - Yes - [552] -
Wind (1) Methane plume - Yes - [130] -

Wind (1) Morphological
Evolution - Yes [283] - -

Wind (1) SST front - Yes - - [522,523]
Wind (1) Harmful algal bloom WindSat satellite Yes - [305] -
Wind (1) Harmful algal risk - Yes - - [296]
Wind (1) Marine aquaculture - Yes - [514] [75]
Wind (1) Marine heatwaves - Yes - [521]
Wind (1) Oil spill - Yes - [335] [92]
Wind (1) Phytoplankton - Yes - [318] -

Wind (1) Red tide bloom

Global Navigation
Satellite System
Reflectometry

(GNSS-R)

Yes - [188] -

Wind (1) Sea ice - Yes - [386] [111]
Wind (1) Sea level anomaly - Yes - - [507]
Wind (1) Sea snots - Yes - [190] -
Wind (1) SST front ERA Yes - - [523]
Wind (1) Suspended sediments - Yes - [336] -
Wind (1) Water quality estimation - Yes - - [322]
Wind (1) Wave heights Jason Yes - [561] [562]

Wind Wind Global Navigation Satellite System Reflectometry
(GNSS-R) Yes - - [563]

Wind Wind - Yes [173] [172]
Wind Wind Sentinel-1 (~10 m) No - [173] [172]

Wind (1) Wind Sentinel-1 (~10 m) No - [338]

(1) This parameter was mapped and monitored together with other parameters.
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Santi, F.; et al. Hot Moments and Hotspots of Cyanobacteria Hyperblooms in the Curonian Lagoon (SE Baltic Sea) Revealed via
Remote Sensing-Based Retrospective Analysis. Sci. Total Environ. 2021, 769, 145053. [CrossRef]

90. Giannini, F.; Hunt, B.P.V.; Jacoby, D.; Costa, M. Performance of OLCI Sentinel-3A Satellite in the Northeast Pacific Coastal Waters.
Remote Sens. Environ. 2021, 256, 112317. [CrossRef]

91. Depountis, N.; Apostolopoulos, D.; Boumpoulis, V.; Christodoulou, D.; Dimas, A.; Fakiris, E.; Leftheriotis, G.; Menegatos, A.;
Nikolakopoulos, K.; Papatheodorou, G.; et al. Coastal Erosion Identification and Monitoring in the Patras Gulf (Greece) Using
Multi-Discipline Approaches. J. Mar. Sci. Eng. 2023, 11, 654. [CrossRef]

92. Gurumoorthi, K.; Suneel, V.; Trinadha Rao, V.; Thomas, A.P.; Alex, M.J. Fate of MV Wakashio Oil Spill off Mauritius Coast through
Modelling and Remote Sensing Observations. Mar. Pollut. Bull. 2021, 172, 112892. [CrossRef]

93. Alsahli, M.M.M.; Nazeer, M. Modeling Secchi Disk Depth Over the North Arabian Gulf Waters Using MODIS and MERIS Images.
PFG–J. Photogramm. Remote Sens. Geoinf. Sci. 2022, 90, 177–189. [CrossRef]

94. Qing, S.; Cui, T.; Lai, Q.; Bao, Y.; Diao, R.; Yue, Y.; Hao, Y. Improving Remote Sensing Retrieval of Water Clarity in Complex
Coastal and Inland Waters with Modified Absorption Estimation and Optical Water Classification Using Sentinel-2 MSI. Int. J.
Appl. Earth Obs. Geoinf. 2021, 102, 102377. [CrossRef]

95. Yin, Z.; Li, J.; Liu, Y.; Xie, Y.; Zhang, F.; Wang, S.; Sun, X.; Zhang, B. Water Clarity Changes in Lake Taihu over 36 Years Based on
Landsat TM and OLI Observations. Int. J. Appl. Earth Obs. Geoinf. 2021, 102, 102457. [CrossRef]

96. Feng, Y.; Li, D.; Zhao, J.; Han, Z.; Pan, J.; Fan, G.; Zhang, H.; Hu, J.; Zhang, H.; Wu, J.; et al. Environmental Drivers of
Phytoplankton Crops and Taxonomic Composition in Northeastern Antarctic Peninsula Adjacent Sea Area. Acta Oceanol. Sin.
2022, 41, 99–117. [CrossRef]

97. Austin, R.; Petzold, T.J. The Determination of the Diffuse Attenuation Coefficient of Sea Water Using the Coastal Zone Color
Scanner. In Oceanography from Space; Gower, J.F.R., Ed.; Springer: Boston, MA, USA, 1981; pp. 239–256.

98. Joshi, I.D.; Stramski, D.; Reynolds, R.A.; Robinson, D.H. Performance Assessment and Validation of Ocean Color Sensor-Specific
Algorithms for Estimating the Concentration of Particulate Organic Carbon in Oceanic Surface Waters from Satellite Observations.
Remote Sens. Environ. 2023, 286, 113417. [CrossRef]

99. Park, S.; Hong, S. Nonlinear Modeling of Subsidence From a Decade of InSAR Time Series. Geophys. Res. Lett. 2021,
48, e2020GL090970. [CrossRef]

100. Grottoli, E.; Biausque, M.; Rogers, D.; Jackson, D.W.T.; Cooper, J.A.G. Structure-from-Motion-Derived Digital Surface Models
from Historical Aerial Photographs: A New 3D Application for Coastal Dune Monitoring. Remote Sens. 2020, 13, 95. [CrossRef]

101. Mavroulis, S.; Vassilakis, E.; Diakakis, M.; Konsolaki, A.; Kaviris, G.; Kotsi, E.; Kapetanidis, V.; Sakkas, V.; Alexopoulos, J.D.;
Lekkas, E.; et al. The Use of Innovative Techniques for Management of High-Risk Coastal Areas, Mitigation of Earthquake-
Triggered Landslide Risk and Responsible Coastal Development. Appl. Sci. 2022, 12, 2193. [CrossRef]

102. Marzouk, M.; Attia, K.; Azab, S. Assessment of Coastal Vulnerability to Climate Change Impacts Using GIS and Remote Sensing:
A Case Study of Al-Alamein New City. J. Clean. Prod. 2021, 290, 125723. [CrossRef]

103. Cao, F.; Tzortziou, M. Capturing Dissolved Organic Carbon Dynamics with Landsat-8 and Sentinel-2 in Tidally Influenced
Wetland–Estuarine Systems. Sci. Total Environ. 2021, 777, 145910. [CrossRef]

104. Bertin, C.; Matsuoka, A.; Mangin, A.; Babin, M.; Le Fouest, V. Merging Satellite and in Situ Data to Assess the Flux of Terrestrial
Dissolved Organic Carbon From the Mackenzie River to the Coastal Beaufort Sea. Front. Earth Sci. 2022, 10, 694062. [CrossRef]

105. Liu, B.; D’Sa, E.J.; Messina, F.; Baustian, M.M.; Maiti, K.; Rivera-Monroy, V.H.; Huang, W.; Georgiou, I.Y. Dissolved Organic
Carbon Dynamics and Fluxes in Mississippi-Atchafalaya Deltaic System Impacted by an Extreme Flood Event and Hurricanes: A
Multi-Satellite Approach Using Sentinel-2/3 and Landsat-8/9 Data. Front. Mar. Sci. 2023, 10, 1159367. [CrossRef]

https://doi.org/10.3390/rs14020307
https://doi.org/10.1109/JSTARS.2022.3153681
https://doi.org/10.3390/rs15020393
https://doi.org/10.5194/essd-13-5191-2021
https://doi.org/10.1016/j.rse.2021.112860
https://doi.org/10.1016/j.rse.2020.112200
https://doi.org/10.3390/w14040593
https://doi.org/10.1016/j.scitotenv.2021.145053
https://doi.org/10.1016/j.rse.2021.112317
https://doi.org/10.3390/jmse11030654
https://doi.org/10.1016/j.marpolbul.2021.112892
https://doi.org/10.1007/s41064-021-00189-2
https://doi.org/10.1016/j.jag.2021.102377
https://doi.org/10.1016/j.jag.2021.102457
https://doi.org/10.1007/s13131-021-1865-4
https://doi.org/10.1016/j.rse.2022.113417
https://doi.org/10.1029/2020GL090970
https://doi.org/10.3390/rs13010095
https://doi.org/10.3390/app12042193
https://doi.org/10.1016/j.jclepro.2020.125723
https://doi.org/10.1016/j.scitotenv.2021.145910
https://doi.org/10.3389/feart.2022.694062
https://doi.org/10.3389/fmars.2023.1159367


Remote Sens. 2024, 16, 446 66 of 83

106. Lê, T.T.; Froger, J.-L.; Ho Tong Minh, D. Multiscale Framework for Rapid Change Analysis from SAR Image Time Series: Case
Study of Flood Monitoring in the Central Coast Regions of Vietnam. Remote Sens. Environ. 2022, 269, 112837. [CrossRef]

107. Hamidi, E.; Peter, B.G.; Munoz, D.F.; Moftakhari, H.; Moradkhani, H. Fast Flood Extent Monitoring With SAR Change Detection
Using Google Earth Engine. IEEE Trans. Geosci. Remote Sens. 2023, 61, 3240097. [CrossRef]

108. Vu, H.T.D.; Tran, D.D.; Schenk, A.; Nguyen, C.P.; Vu, H.L.; Oberle, P.; Trinh, V.C.; Nestmann, F. Land Use Change in the
Vietnamese Mekong Delta: New Evidence from Remote Sensing. Sci. Total Environ. 2022, 813, 151918. [CrossRef]

109. Muñoz, D.F.; Muñoz, P.; Moftakhari, H.; Moradkhani, H. From Local to Regional Compound Flood Mapping with Deep Learning
and Data Fusion Techniques. Sci. Total Environ. 2021, 782, 146927. [CrossRef]

110. Nguyen, H.D.; Fox, D.; Dang, D.K.; Pham, L.T.; Viet Du, Q.V.; Nguyen, T.H.T.; Dang, T.N.; Tran, V.T.; Vu, P.L.; Nguyen, Q.-H.; et al.
Predicting Future Urban Flood Risk Using Land Change and Hydraulic Modeling in a River Watershed in the Central Province of
Vietnam. Remote Sens. 2021, 13, 262. [CrossRef]

111. Kumar, A.; Yadav, J.; Mohan, R. Seasonal Sea-Ice Variability and Its Trend in the Weddell Sea Sector of West Antarctica. Environ.
Res. Lett. 2021, 16, 024046. [CrossRef]

112. Al-Ruzouq, R.; Shanableh, A.; Khalil, M.A.; Zeiada, W.; Hamad, K.; Abu Dabous, S.; Gibril, M.B.A.; Al-Khayyat, G.; Kaloush, K.E.;
Al-Mansoori, S.; et al. Spatial and Temporal Inversion of Land Surface Temperature along Coastal Cities in Arid Regions. Remote
Sens. 2022, 14, 1893. [CrossRef]

113. Li, W.; An, M.; Wu, H.; An, H.; Huang, J.; Khanal, R. The Local Coupling and Telecoupling of Urbanization and Ecological
Environment Quality Based on Multisource Remote Sensing Data. J. Environ. Manag. 2023, 327, 116921. [CrossRef] [PubMed]

114. Gozdowski, D.; Žukovskis, J.; Razinkovas-Baziukas, A.; Wójcik-Gront, E. Land Cover Changes in Selected Areas Next to Lagoons
Located on the Southern Coast of the Baltic Sea, 1984–2021. Sustainability 2022, 14, 2006. [CrossRef]

115. Cavalli, R.M. The Weight of Hyperion and PRISMA Hyperspectral Sensor Characteristics on Image Capability to Retrieve Urban
Surface Materials in the City of Venice. Sensors 2023, 23, 454. [CrossRef]

116. Acharyya, R.; Mukhopadhyay, A.; Habel, M. Coupling of SWAT and DSAS Models for Assessment of Retrospective and
Prospective Transformations of River Deltaic Estuaries. Remote Sens. 2023, 15, 958. [CrossRef]

117. Arjasakusuma, S.; Kusuma, S.S.; Saringatin, S.; Wicaksono, P.; Mutaqin, B.W.; Rafif, R. Shoreline Dynamics in East Java Province,
Indonesia, from 2000 to 2019 Using Multi-Sensor Remote Sensing Data. Land 2021, 10, 100. [CrossRef]

118. Yan, G.; Hu, R.; Luo, J.; Weiss, M.; Jiang, H.; Mu, X.; Xie, D.; Zhang, W. Review of Indirect Optical Measurements of Leaf Area
Index: Recent Advances, Challenges, and Perspectives. Agric. For. Meteorol. 2019, 265, 390–411. [CrossRef]

119. Chen, X.; Zhang, M.; Zhang, W. Landscape Pattern Changes and Its Drivers Inferred from Salt Marsh Plant Variations in the
Coastal Wetlands of the Liao River Estuary, China. Ecol. Indic. 2022, 145, 109719. [CrossRef]

120. George, S.L.; Kantamaneni, K.; V, R.A.; Prasad, K.A.; Shekhar, S.; Panneer, S.; Rice, L.; Balasubramani, K. A Multi-Data Geospatial
Approach for Understanding Flood Risk in the Coastal Plains of Tamil Nadu, India. Earth 2022, 3, 383–400. [CrossRef]

121. Mahmood, R.; Zhang, L.; Li, G. Assessing Effectiveness of Nature-Based Solution with Big Earth Data: 60 Years Mangrove
Plantation Program in Bangladesh Coast. Ecol Process 2023, 12, 11. [CrossRef]

122. Yang, G.; Huang, K.; Sun, W.; Meng, X.; Mao, D.; Ge, Y. Enhanced Mangrove Vegetation Index Based on Hyperspectral Images for
Mapping Mangrove. ISPRS J. Photogramm. Remote Sens. 2022, 189, 236–254. [CrossRef]

123. Guo, X.; Wang, M.; Jia, M.; Wang, W. Estimating Mangrove Leaf Area Index Based on Red-Edge Vegetation Indices: A Comparison
among UAV, WorldView-2 and Sentinel-2 Imagery. Int. J. Appl. Earth Obs. Geoinf. 2021, 103, 102493. [CrossRef]

124. Gitau, P.N.; Duvail, S.; Verschuren, D. Evaluating the Combined Impacts of Hydrological Change, Coastal Dynamics and Human
Activity on Mangrove Cover and Health in the Tana River Delta, Kenya. Reg. Stud. Mar. Sci. 2023, 61, 102898. [CrossRef]

125. Qi, G.; Chang, C.; Yang, W.; Gao, P.; Zhao, G. Soil Salinity Inversion in Coastal Corn Planting Areas by the Satellite-UAV-Ground
Integration Approach. Remote Sens. 2021, 13, 3100. [CrossRef]

126. Shabaka, S.; Moawad, M.N.; Ibrahim, M.I.A.; El-Sayed, A.A.M.; Ghobashy, M.M.; Hamouda, A.Z.; El-Alfy, M.A.; Darwish, D.H.;
Youssef, N.A.E. Prevalence and Risk Assessment of Microplastics in the Nile Delta Estuaries: “The Plastic Nile” Revisited. Sci.
Total Environ. 2022, 852, 158446. [CrossRef]

127. Sakti, A.D.; Rinasti, A.N.; Agustina, E.; Diastomo, H.; Muhammad, F.; Anna, Z.; Wikantika, K. Multi-Scenario Model of Plastic
Waste Accumulation Potential in Indonesia Using Integrated Remote Sensing, Statistic and Socio-Demographic Data. ISPRS Int. J.
Geo-Inf. 2021, 10, 481. [CrossRef]

128. Merlino, S.; Paterni, M.; Locritani, M.; Andriolo, U.; Gonçalves, G.; Massetti, L. Citizen Science for Marine Litter Detection and
Classification on Unmanned Aerial Vehicle Images. Water 2021, 13, 3349. [CrossRef]

129. Li, L.; Huang, X.; Wu, D.; Yang, H. Construction of Ecological Security Pattern Adapting to Future Land Use Change in Pearl
River Delta, China. Appl. Geogr. 2023, 154, 102946. [CrossRef]

130. Irakulis-Loitxate, I.; Gorroño, J.; Zavala-Araiza, D.; Guanter, L. Satellites Detect a Methane Ultra-Emission Event from an Offshore
Platform in the Gulf of Mexico. Environ. Sci. Technol. Lett. 2022, 9, 520–525. [CrossRef]

131. Rajendran, S.; Vethamony, P.; Sadooni, F.N.; Al-Kuwari, H.A.-S.; Al-Khayat, J.A.; Seegobin, V.O.; Govil, H.; Nasir, S. Detection
of Wakashio Oil Spill off Mauritius Using Sentinel-1 and 2 Data: Capability of Sensors, Image Transformation Methods and
Mapping. Environ. Pollut. 2021, 274, 116618. [CrossRef] [PubMed]

132. Alados, I.; Foyo-Moreno, I.; Alados-Arboledas, L. Photosynthetically Active Radiation: Measurements and Modelling. Agric. For.
Meteorol. 1996, 78, 121–131. [CrossRef]

https://doi.org/10.1016/j.rse.2021.112837
https://doi.org/10.1109/TGRS.2023.3240097
https://doi.org/10.1016/j.scitotenv.2021.151918
https://doi.org/10.1016/j.scitotenv.2021.146927
https://doi.org/10.3390/rs13020262
https://doi.org/10.1088/1748-9326/abdc88
https://doi.org/10.3390/rs14081893
https://doi.org/10.1016/j.jenvman.2022.116921
https://www.ncbi.nlm.nih.gov/pubmed/36463845
https://doi.org/10.3390/su14042006
https://doi.org/10.3390/s23010454
https://doi.org/10.3390/rs15040958
https://doi.org/10.3390/land10020100
https://doi.org/10.1016/j.agrformet.2018.11.033
https://doi.org/10.1016/j.ecolind.2022.109719
https://doi.org/10.3390/earth3010023
https://doi.org/10.1186/s13717-023-00419-y
https://doi.org/10.1016/j.isprsjprs.2022.05.003
https://doi.org/10.1016/j.jag.2021.102493
https://doi.org/10.1016/j.rsma.2023.102898
https://doi.org/10.3390/rs13163100
https://doi.org/10.1016/j.scitotenv.2022.158446
https://doi.org/10.3390/ijgi10070481
https://doi.org/10.3390/w13233349
https://doi.org/10.1016/j.apgeog.2023.102946
https://doi.org/10.1021/acs.estlett.2c00225
https://doi.org/10.1016/j.envpol.2021.116618
https://www.ncbi.nlm.nih.gov/pubmed/33582596
https://doi.org/10.1016/0168-1923(95)02245-7


Remote Sens. 2024, 16, 446 67 of 83

133. Zheng, Y.; Takeuchi, W. Estimating Mangrove Forest Gross Primary Production by Quantifying Environmental Stressors in the
Coastal Area. Sci. Rep. 2022, 12, 2238. [CrossRef]

134. O’Shea, R.E.; Pahlevan, N.; Smith, B.; Bresciani, M.; Egerton, T.; Giardino, C.; Li, L.; Moore, T.; Ruiz-Verdu, A.; Ruberg, S.; et al.
Advancing Cyanobacteria Biomass Estimation from Hyperspectral Observations: Demonstrations with HICO and PRISMA
Imagery. Remote Sens. Environ. 2021, 266, 112693. [CrossRef]

135. Kavan, J.; Wieczorek, I.; Tallentire, G.D.; Demidionov, M.; Uher, J.; Strzelecki, M.C. Estimating Suspended Sediment Fluxes from the
Largest Glacial Lake in Svalbard to Fjord System Using Sentinel-2 Data: Trebrevatnet Case Study. Water 2022, 14, 1840. [CrossRef]

136. Morel, A.; Berthon, J.-F. Surface Pigments, Algal Biomass Profiles, and Potential Production of the Euphotic Layer: Relationships
Reinvestigated in View of Remote-Sensing Applications. Limnol. Oceanogr. 1989, 34, 1545–1562. [CrossRef]

137. Morel, A.; André, J.-M. Pigment Distribution and Primary Production in the Western Mediterranean as Derived and Modeled
from Coastal Zone Color Scanner Observations. J. Geophys. Res. 1991, 96, 12685. [CrossRef]

138. Song, L.; Lee, Z.; Shang, S.; Huang, B.; Wu, J.; Wu, Z.; Lu, W.; Liu, X. On the Spatial and Temporal Variations of Primary
Production in the South China Sea. IEEE Trans. Geosci. Remote Sens. 2023, 61, 3241209. [CrossRef]

139. Yang, Z.; Huang, Y.; Duan, Z.; Tang, J. Capturing the Spatiotemporal Variations in the Gross Primary Productivity in Coastal
Wetlands by Integrating Eddy Covariance, Landsat, and MODIS Satellite Data: A Case Study in the Yangtze Estuary, China. Ecol.
Indic. 2023, 149, 110154. [CrossRef]

140. Chen, C.; Ma, Y.; Ren, G.; Wang, J. Aboveground Biomass of Salt-Marsh Vegetation in Coastal Wetlands: Sample Expansion of in Situ
Hyperspectral and Sentinel-2 Data Using a Generative Adversarial Network. Remote Sens. Environ. 2022, 270, 112885. [CrossRef]

141. Zhao, C.; Jia, M.; Wang, Z.; Mao, D.; Wang, Y. Toward a Better Understanding of Coastal Salt Marsh Mapping: A Case from China
Using Dual-Temporal Images. Remote Sens. Environ. 2023, 295, 113664. [CrossRef]

142. Curcio, A.C.; Peralta, G.; Aranda, M.; Barbero, L. Evaluating the Performance of High Spatial Resolution UAV-Photogrammetry
and UAV-LiDAR for Salt Marshes: The Cádiz Bay Study Case. Remote Sens. 2022, 14, 3582. [CrossRef]

143. Larson, K.M.; Lay, T.; Yamazaki, Y.; Cheung, K.F.; Ye, L.; Williams, S.D.P.; Davis, J.L. Dynamic Sea Level Variation From GNSS:
2020 Shumagin Earthquake Tsunami Resonance and Hurricane Laura. Geophys. Res. Lett. 2021, 48, e2020GL091378. [CrossRef]

144. Birol, F.; Léger, F.; Passaro, M.; Cazenave, A.; Niño, F.; Calafat, F.M.; Shaw, A.; Legeais, J.-F.; Gouzenes, Y.; Schwatke, C.; et al.
The X-TRACK/ALES Multi-Mission Processing System: New Advances in Altimetry towards the Coast. Adv. Space Res. 2021,
67, 2398–2415. [CrossRef]

145. Di Paola, G.; Rizzo, A.; Benassai, G.; Corrado, G.; Matano, F.; Aucelli, P.P.C. Sea-Level Rise Impact and Future Scenarios of
Inundation Risk along the Coastal Plains in Campania (Italy). Environ. Earth Sci. 2021, 80, 608. [CrossRef]

146. Tsiaras, K.; Hatzonikolakis, Y.; Kalaroni, S.; Pollani, A.; Triantafyllou, G. Modeling the Pathways and Accumulation Patterns of
Micro- and Macro-Plastics in the Mediterranean. Front. Mar. Sci. 2021, 8, 743117. [CrossRef]

147. Dang, A.T.N.; Kumar, L.; Reid, M.; Anh, L.N.T. Modelling the Susceptibility of Wetland Plant Species under Climate Change in
the Mekong Delta, Vietnam. Ecol. Inform. 2021, 64, 101358. [CrossRef]

148. Jang, E.; Kim, Y.J.; Im, J.; Park, Y.-G. Improvement of SMAP Sea Surface Salinity in River-Dominated Oceans Using Machine
Learning Approaches. GIScience Remote Sens. 2021, 58, 138–160. [CrossRef]

149. Marin, M.; Feng, M.; Phillips, H.E.; Bindoff, N.L. A Global, Multiproduct Analysis of Coastal Marine Heatwaves: Distribution,
Characteristics, and Long-Term Trends. J. Geophys. Res. Ocean. 2021, 126, e2020JC016708. [CrossRef]

150. Mishra, M.; Kar, P.K.; Chand, P.; Mohanty, P.K.; Acharyya, T.; Santos, C.A.G.; Gonçalves, R.M.; Silva, R.M.D.; Bhattacharyya, D.;
Beja, S.K.; et al. Deciphering the Impact of Anthropogenic Coastal Infrastructure on Shoreline Dynamicity along Gopalpur Coast
of Odisha (India): An Integrated Assessment with Geospatial and Field-Based Approaches. Sci. Total Environ. 2023, 858, 159625.
[CrossRef] [PubMed]

151. Zhu, Q.; Li, P.; Li, Z.; Pu, S.; Wu, X.; Bi, N.; Wang, H. Spatiotemporal Changes of Coastline over the Yellow River Delta in the
Previous 40 Years with Optical and SAR Remote Sensing. Remote Sens. 2021, 13, 1940. [CrossRef]

152. Erdem, F.; Bayram, B.; Bakirman, T.; Bayrak, O.C.; Akpinar, B. An Ensemble Deep Learning Based Shoreline Segmentation
Approach (WaterNet) from Landsat 8 OLI Images. Adv. Space Res. 2021, 67, 964–974. [CrossRef]

153. Androulidakis, Y.; Makris, C.; Mallios, Z.; Pytharoulis, I.; Baltikas, V.; Krestenitis, Y. Storm Surges and Coastal Inundation during
Extreme Events in the Mediterranean Sea: The IANOS Medicane. Nat. Hazards 2023, 117, 939–978. [CrossRef]

154. Natarajan, L.; Sivagnanam, N.; Usha, T.; Chokkalingam, L.; Sundar, S.; Gowrappan, M.; Roy, P.D. Shoreline Changes over Last
Five Decades and Predictions for 2030 and 2040: A Case Study from Cuddalore, Southeast Coast of India. Earth Sci. Inform. 2021,
14, 1315–1325. [CrossRef]

155. Bian, L.; Wang, J.; Liu, J.; Han, B. Spatiotemporal Changes of Soil Salinization in the Yellow River Delta of China from 2015 to
2019. Sustainability 2021, 13, 822. [CrossRef]

156. Cheng, T.; Zhang, J.; Zhang, S.; Bai, Y.; Wang, J.; Li, S.; Javid, T.; Meng, X.; Sharma, T.P.P. Monitoring Soil Salinization and Its
Spatiotemporal Variation at Different Depths across the Yellow River Delta Based on Remote Sensing Data with Multi-Parameter
Optimization. Environ. Sci. Pollut. Res. 2022, 29, 24269–24285. [CrossRef] [PubMed]

157. Li, Z.; Yang, W.; Matsushita, B.; Kondoh, A. Remote Estimation of Phytoplankton Primary Production in Clear to Turbid Waters
by Integrating a Semi-Analytical Model with a Machine Learning Algorithm. Remote Sens. Environ. 2022, 275, 113027. [CrossRef]

https://doi.org/10.1038/s41598-022-06231-6
https://doi.org/10.1016/j.rse.2021.112693
https://doi.org/10.3390/w14121840
https://doi.org/10.4319/lo.1989.34.8.1545
https://doi.org/10.1029/91JC00788
https://doi.org/10.1109/TGRS.2023.3241209
https://doi.org/10.1016/j.ecolind.2023.110154
https://doi.org/10.1016/j.rse.2021.112885
https://doi.org/10.1016/j.rse.2023.113664
https://doi.org/10.3390/rs14153582
https://doi.org/10.1029/2020GL091378
https://doi.org/10.1016/j.asr.2021.01.049
https://doi.org/10.1007/s12665-021-09884-0
https://doi.org/10.3389/fmars.2021.743117
https://doi.org/10.1016/j.ecoinf.2021.101358
https://doi.org/10.1080/15481603.2021.1872228
https://doi.org/10.1029/2020JC016708
https://doi.org/10.1016/j.scitotenv.2022.159625
https://www.ncbi.nlm.nih.gov/pubmed/36280061
https://doi.org/10.3390/rs13101940
https://doi.org/10.1016/j.asr.2020.10.043
https://doi.org/10.1007/s11069-023-05890-6
https://doi.org/10.1007/s12145-021-00668-5
https://doi.org/10.3390/su13020822
https://doi.org/10.1007/s11356-021-17677-y
https://www.ncbi.nlm.nih.gov/pubmed/34822087
https://doi.org/10.1016/j.rse.2022.113027


Remote Sens. 2024, 16, 446 68 of 83

158. Almar, R.; Bergsma, E.W.J.; Brodie, K.L.; Bak, A.S.; Artigues, S.; Lemai-Chenevier, S.; Cesbron, G.; Delvit, J.-M. Coastal Topo-
Bathymetry from a Single-Pass Satellite Video: Insights in Space-Videos for Coastal Monitoring at Duck Beach (NC, USA). Remote
Sens. 2022, 14, 1529. [CrossRef]

159. Karasiewicz, S.; Lefebvre, A. Environmental Impact on Harmful Species Pseudo-nitzschia spp. and Phaeocystis globosa Phenology
and Niche. J. Mar. Sci. Eng. 2022, 10, 174. [CrossRef]

160. Mucheye, T.; Haro, S.; Papaspyrou, S.; Caballero, I. Water Quality and Water Hyacinth Monitoring with the Sentinel-2A/B
Satellites in Lake Tana (Ethiopia). Remote Sens. 2022, 14, 4921. [CrossRef]

161. Innangi, M.; Marzialetti, F.; Di Febbraro, M.; Acosta, A.T.R.; De Simone, W.; Frate, L.; Finizio, M.; Villalobos Perna, P.; Carranza, M.L.
Coastal Dune Invaders: Integrative Mapping of Carpobrotus Sp. Pl. (Aizoaceae) Using UAVs. Remote Sens. 2023, 15, 503. [CrossRef]

162. Lagomasino, D.; Fatoyinbo, T.; Castañeda-Moya, E.; Cook, B.D.; Montesano, P.M.; Neigh, C.S.R.; Corp, L.A.; Ott, L.E.; Chavez,
S.; Morton, D.C. Storm Surge and Ponding Explain Mangrove Dieback in Southwest Florida Following Hurricane Irma. Nat.
Commun. 2021, 12, 4003. [CrossRef] [PubMed]

163. Giang, T.L.; Bui, Q.T.; Nguyen, T.D.L.; Dang, V.B.; Truong, Q.H.; Phan, T.T.; Nguyen, H.; Ngo, V.L.; Tran, V.T.; Yasir, M.; et al.
Coastal Landscape Classification Using Convolutional Neural Network and Remote Sensing Data in Vietnam. J. Environ. Manag.
2023, 335, 117537. [CrossRef]

164. Jackson, M.V.; Fuller, R.A.; Gan, X.; Li, J.; Mao, D.; Melville, D.S.; Murray, N.J.; Wang, Z.; Choi, C.-Y. Dual Threat of Tidal Flat Loss
and Invasive Spartina Alterniflora Endanger Important Shorebird Habitat in Coastal Mainland China. J. Environ. Manag. 2021,
278, 111549. [CrossRef]

165. Zhang, X.; Liu, L.; Zhao, T.; Chen, X.; Lin, S.; Wang, J.; Mi, J.; Liu, W. GWL_FCS30: A Global 30 m Wetland Map with a
Fine Classification System Using Multi-Sourced and Time-Series Remote Sensing Imagery in 2020. Earth Syst. Sci. Data 2023,
15, 265–293. [CrossRef]

166. Ahmed, N.; Howlader, N.; Hoque, M.A.-A.; Pradhan, B. Coastal Erosion Vulnerability Assessment along the Eastern Coast of
Bangladesh Using Geospatial Techniques. Ocean Coast. Manag. 2021, 199, 105408. [CrossRef]

167. Mansourmoghaddam, M.; Ghafarian Malamiri, H.R.; Rousta, I.; Olafsson, H.; Zhang, H. Assessment of Palm Jumeirah Island’s
Construction Effects on the Surrounding Water Quality and Surface Temperatures during 2001–2020. Water 2022, 14, 634. [CrossRef]

168. Warren, M.A.; Simis, S.G.H.; Selmes, N. Complementary Water Quality Observations from High and Medium Resolution Sentinel
Sensors by Aligning Chlorophyll-a and Turbidity Algorithms. Remote Sens. Environ. 2021, 265, 112651. [CrossRef]

169. Braga, F.; Ciani, D.; Colella, S.; Organelli, E.; Pitarch, J.; Brando, V.E.; Bresciani, M.; Concha, J.A.; Giardino, C.; Scarpa, G.M.; et al.
COVID-19 Lockdown Effects on a Coastal Marine Environment: Disentangling Perception versus Reality. Sci. Total Environ. 2022,
817, 153002. [CrossRef] [PubMed]

170. Tang, R.; Shen, F.; Ge, J.; Yang, S.; Gao, W. Investigating Typhoon Impact on SSC through Hourly Satellite and Real-Time Field
Observations: A Case Study of the Yangtze Estuary. Cont. Shelf Res. 2021, 224, 104475. [CrossRef]

171. Quang, D.N.; Ngan, V.H.; Tam, H.S.; Viet, N.T.; Tinh, N.X.; Tanaka, H. Long-Term Shoreline Evolution Using DSAS Technique: A
Case Study of Quang Nam Province, Vietnam. J. Mar. Sci. Eng. 2021, 9, 1124. [CrossRef]

172. Zanchetta, A.; Zecchetto, S. Wind Direction Retrieval from Sentinel-1 SAR Images Using ResNet. Remote Sens. Environ. 2021,
253, 112178. [CrossRef]

173. De Montera, L.; Berger, H.; Husson, R.; Appelghem, P.; Guerlou, L.; Fragoso, M. High-Resolution Offshore Wind Resource
Assessment at Turbine Hub Height with Sentinel-1 Synthetic Aperture Radar (SAR) Data and Machine Learning. Wind Energ. Sci.
2022, 7, 1441–1453. [CrossRef]

174. CEOS Working Group on Calibration & Validation (WGCV). Available online: https://ceos.org/ourwork/workinggroups/wgcv/
(accessed on 22 March 2023).

175. Cavalli, R.M. Spatial Validation of Spectral Unmixing Results: A Systematic Review. Remote Sens. 2023, 15, 2822. [CrossRef]
176. Barreto, J.; Cajaíba, L.; Teixeira, J.B.; Nascimento, L.; Giacomo, A.; Barcelos, N.; Fettermann, T.; Martins, A. Drone-Monitoring:

Improving the Detectability of Threatened Marine Megafauna. Drones 2021, 5, 14. [CrossRef]
177. Bera, A.; Meraj, G.; Kanga, S.; Farooq, M.; Singh, S.K.; Sahu, N.; Kumar, P. Vulnerability and Risk Assessment to Climate Change

in Sagar Island, India. Water 2022, 14, 823. [CrossRef]
178. Shimada, T.; Duarte, C.M.; Al-Suwailem, A.M.; Tanabe, L.K.; Meekan, M.G. Satellite Tracking Reveals Nesting Patterns, Site Fidelity,

and Potential Impacts of Warming on Major Green Turtle Rookeries in the Red Sea. Front. Mar. Sci. 2021, 8, 633814. [CrossRef]
179. Vázquez-Delfín, E.; Freile-Pelegrín, Y.; Salazar-Garibay, A.; Serviere-Zaragoza, E.; Méndez-Rodríguez, L.C.; Robledo, D. Species

Composition and Chemical Characterization of Sargassum Influx at Six Different Locations along the Mexican Caribbean Coast.
Sci. Total Environ. 2021, 795, 148852. [CrossRef]

180. Dev, P.J.; Sukenik, A.; Mishra, D.R.; Ostrovsky, I. Cyanobacterial Pigment Concentrations in Inland Waters: Novel Semi-Analytical
Algorithms for Multi- and Hyperspectral Remote Sensing Data. Sci. Total Environ. 2022, 805, 150423. [CrossRef] [PubMed]

181. Mishra, S.; Stumpf, R.P.; Schaeffer, B.; Werdell, P.J.; Loftin, K.A.; Meredith, A. Evaluation of a Satellite-Based Cyanobacteria Bloom
Detection Algorithm Using Field-Measured Microcystin Data. Sci. Total Environ. 2021, 774, 145462. [CrossRef] [PubMed]

182. Kruk, C.; Martínez, A.; Martínez De La Escalera, G.; Trinchin, R.; Manta, G.; Segura, A.M.; Piccini, C.; Brena, B.; Yannicelli, B.;
Fabiano, G.; et al. Rapid Freshwater Discharge on the Coastal Ocean as a Mean of Long Distance Spreading of an Unprecedented
Toxic Cyanobacteria Bloom. Sci. Total Environ. 2021, 754, 142362. [CrossRef] [PubMed]

https://doi.org/10.3390/rs14071529
https://doi.org/10.3390/jmse10020174
https://doi.org/10.3390/rs14194921
https://doi.org/10.3390/rs15020503
https://doi.org/10.1038/s41467-021-24253-y
https://www.ncbi.nlm.nih.gov/pubmed/34183663
https://doi.org/10.1016/j.jenvman.2023.117537
https://doi.org/10.1016/j.jenvman.2020.111549
https://doi.org/10.5194/essd-15-265-2023
https://doi.org/10.1016/j.ocecoaman.2020.105408
https://doi.org/10.3390/w14040634
https://doi.org/10.1016/j.rse.2021.112651
https://doi.org/10.1016/j.scitotenv.2022.153002
https://www.ncbi.nlm.nih.gov/pubmed/35031364
https://doi.org/10.1016/j.csr.2021.104475
https://doi.org/10.3390/jmse9101124
https://doi.org/10.1016/j.rse.2020.112178
https://doi.org/10.5194/wes-7-1441-2022
https://ceos.org/ourwork/workinggroups/wgcv/
https://doi.org/10.3390/rs15112822
https://doi.org/10.3390/drones5010014
https://doi.org/10.3390/w14050823
https://doi.org/10.3389/fmars.2021.633814
https://doi.org/10.1016/j.scitotenv.2021.148852
https://doi.org/10.1016/j.scitotenv.2021.150423
https://www.ncbi.nlm.nih.gov/pubmed/34818810
https://doi.org/10.1016/j.scitotenv.2021.145462
https://www.ncbi.nlm.nih.gov/pubmed/33609824
https://doi.org/10.1016/j.scitotenv.2020.142362
https://www.ncbi.nlm.nih.gov/pubmed/33254935


Remote Sens. 2024, 16, 446 69 of 83

183. Caballero, I.; Navarro, G. Monitoring cyanoHABs and Water Quality in Laguna Lake (Philippines) with Sentinel-2 Satellites
during the 2020 Pacific Typhoon Season. Sci. Total Environ. 2021, 788, 147700. [CrossRef] [PubMed]

184. Dai, Y.; Yang, S.; Zhao, D.; Hu, C.; Xu, W.; Anderson, D.M.; Li, Y.; Song, X.-P.; Boyce, D.G.; Gibson, L.; et al. Coastal Phytoplankton
Blooms Expand and Intensify in the 21st Century. Nature 2023, 615, 280–284. [CrossRef]

185. Kuroda, H.; Taniuchi, Y.; Watanabe, T.; Azumaya, T.; Hasegawa, N. Distribution of Harmful Algae (Karenia Spp.) in October 2021
off Southeast Hokkaido, Japan. Front. Mar. Sci. 2022, 9, 841364. [CrossRef]

186. Liu, R.; Xiao, Y.; Ma, Y.; Cui, T.; An, J. Red Tide Detection Based on High Spatial Resolution Broad Band Optical Satellite Data.
ISPRS J. Photogramm. Remote Sens. 2022, 184, 131–147. [CrossRef]

187. Zhao, X.; Liu, R.; Ma, Y.; Xiao, Y.; Ding, J.; Liu, J.; Wang, Q. Red Tide Detection Method for HY−1D Coastal Zone Imager Based on
U−Net Convolutional Neural Network. Remote Sens. 2021, 14, 88. [CrossRef]

188. Ban, W.; Zhang, K.; Yu, K.; Zheng, N.; Chen, S. Detection of Red Tide Over Sea Surface Using GNSS-R Spaceborne Observations.
IEEE Trans. Geosci. Remote Sens. 2022, 60, 3144289. [CrossRef]

189. Hu, C.; Qi, L.; Xie, Y.; Zhang, S.; Barnes, B.B. Spectral Characteristics of Sea Snot Reflectance Observed from Satellites: Implications
for Remote Sensing of Marine Debris. Remote Sens. Environ. 2022, 269, 112842. [CrossRef]

190. Kavzoglu, T.; Goral, M. Google Earth Engine for Monitoring Marine Mucilage: Izmit Bay in Spring 2021. Hydrology 2022, 9, 135.
[CrossRef]

191. Hafeez, S.; Wong, M.S.; Abbas, S.; Asim, M. Evaluating Landsat-8 and Sentinel-2 Data Consistency for High Spatiotemporal
Inland and Coastal Water Quality Monitoring. Remote Sens. 2022, 14, 3155. [CrossRef]

192. Pompêo, M.; Moschini-Carlos, V.; Bitencourt, M.D.; Sòria-Perpinyà, X.; Vicente, E.; Delegido, J. Water Quality Assessment Using
Sentinel-2 Imagery with Estimates of Chlorophyll a, Secchi Disk Depth, and Cyanobacteria Cell Number: The Cantareira System
Reservoirs (São Paulo, Brazil). Environ. Sci. Pollut. Res. 2021, 28, 34990–35011. [CrossRef] [PubMed]

193. Sun, W.; Liu, K.; Ren, G.; Liu, W.; Yang, G.; Meng, X.; Peng, J. A Simple and Effective Spectral-Spatial Method for Mapping
Large-Scale Coastal Wetlands Using China ZY1-02D Satellite Hyperspectral Images. Int. J. Appl. Earth Obs. Geoinf. 2021,
104, 102572. [CrossRef]

194. Schreyers, L.; Van Emmerik, T.; Biermann, L.; Le Lay, Y.-F. Spotting Green Tides over Brittany from Space: Three Decades of
Monitoring with Landsat Imagery. Remote Sens. 2021, 13, 1408. [CrossRef]

195. Wang, X.; Xing, Q.; An, D.; Meng, L.; Zheng, X.; Jiang, B.; Liu, H. Effects of Spatial Resolution on the Satellite Observation of
Floating Macroalgae Blooms. Water 2021, 13, 1761. [CrossRef]

196. Wan, X.; Wan, J.; Xu, M.; Liu, S.; Sheng, H.; Chen, Y.; Zhang, X. Enteromorpha Coverage Information Extraction by 1D-CNN
and Bi-LSTM Networks Considering Sample Balance From GOCI Images. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2021,
14, 9306–9317. [CrossRef]

197. Zhang, H.; Yuan, Y.; Xu, Y.; Shen, X.; Sun, D.; Qiu, Z.; Wang, S.; He, Y. Remote Sensing Method for Detecting Green Tide Using
HJ-CCD Top-of-Atmosphere Reflectance. Int. J. Appl. Earth Obs. Geoinf. 2021, 102, 102371. [CrossRef]

198. Sun, D.; Chen, Y.; Wang, S.; Zhang, H.; Qiu, Z.; Mao, Z.; He, Y. Using Landsat 8 OLI Data to Differentiate Sargassum and Ulva
Prolifera Blooms in the South Yellow Sea. Int. J. Appl. Earth Obs. Geoinf. 2021, 98, 102302. [CrossRef]

199. Zheng, L.; Wu, M.; Cui, Y.; Tian, L.; Yang, P.; Zhao, L.; Xue, M.; Liu, J. What Causes the Great Green Tide Disaster in the South
Yellow Sea of China in 2021? Ecol. Indic. 2022, 140, 108988. [CrossRef]

200. Li, D.; Gao, Z.; Xu, F. Research on the Dissipation of Green Tide and Its Influencing Factors in the Yellow Sea Based on Google
Earth Engine. Mar. Pollut. Bull. 2021, 172, 112801. [CrossRef] [PubMed]

201. Balado, J.; Olabarria, C.; Martínez-Sánchez, J.; Rodríguez-Pérez, J.R.; Pedro, A. Semantic Segmentation of Major Macroalgae in Coastal
Environments Using High-Resolution Ground Imagery and Deep Learning. Int. J. Remote Sens. 2021, 42, 1785–1800. [CrossRef]

202. Trinanes, J.; Putman, N.F.; Goni, G.; Hu, C.; Wang, M. Monitoring Pelagic Sargassum Inundation Potential for Coastal Communities.
J. Oper. Oceanogr. 2023, 16, 48–59. [CrossRef]

203. Ma, Y.; Wong, K.; Tsou, J.Y.; Zhang, Y. Investigating Spatial Distribution of Green-Tide in the Yellow Sea in 2021 Using Combined
Optical and SAR Images. J. Mar. Sci. Eng. 2022, 10, 127. [CrossRef]

204. Hu, C.; Wang, M.; Lapointe, B.E.; Brewton, R.A.; Hernandez, F.J. On the Atlantic Pelagic Sargassum’s Role in Carbon Fixation and
Sequestration. Sci. Total Environ. 2021, 781, 146801. [CrossRef]

205. Kwan, V.; Fong, J.; Ng, C.S.L.; Huang, D. Temporal and Spatial Dynamics of Tropical Macroalgal Contributions to Blue Carbon.
Sci. Total Environ. 2022, 828, 154369. [CrossRef] [PubMed]

206. Song, M.; Kong, F.; Li, Y.; Zhao, J.; Yu, R.; Zhou, M.; Jiang, P.; Yan, T. A Massive Green Tide in the Yellow Sea in 2021: Field
Investigation and Analysis. Int. J. Environ. Res. Public Health 2022, 19, 11753. [CrossRef]

207. Svane, N.; Lange, T.; Egemose, S.; Dalby, O.; Thomasberger, A.; Flindt, M.R. Unoccupied Aerial Vehicle-Assisted Monitoring
of Benthic Vegetation in the Coastal Zone Enhances the Quality of Ecological Data. Prog. Phys. Geogr. Earth Environ. 2022,
46, 232–249. [CrossRef]

208. Haro, S.; Jesus, B.; Oiry, S.; Papaspyrou, S.; Lara, M.; González, C.J.; Corzo, A. Microphytobenthos Spatio-Temporal Dynamics across
an Intertidal Gradient Using Random Forest Classification and Sentinel-2 Imagery. Sci. Total Environ. 2022, 804, 149983. [CrossRef]

209. Zou, Z.; Chen, C.; Liu, Z.; Zhang, Z.; Liang, J.; Chen, H.; Wang, L. Extraction of Aquaculture Ponds along Coastal Region Using
U2-Net Deep Learning Model from Remote Sensing Images. Remote Sens. 2022, 14, 4001. [CrossRef]

https://doi.org/10.1016/j.scitotenv.2021.147700
https://www.ncbi.nlm.nih.gov/pubmed/34029825
https://doi.org/10.1038/s41586-023-05760-y
https://doi.org/10.3389/fmars.2022.841364
https://doi.org/10.1016/j.isprsjprs.2021.12.009
https://doi.org/10.3390/rs14010088
https://doi.org/10.1109/TGRS.2022.3144289
https://doi.org/10.1016/j.rse.2021.112842
https://doi.org/10.3390/hydrology9080135
https://doi.org/10.3390/rs14133155
https://doi.org/10.1007/s11356-021-12975-x
https://www.ncbi.nlm.nih.gov/pubmed/33661492
https://doi.org/10.1016/j.jag.2021.102572
https://doi.org/10.3390/rs13081408
https://doi.org/10.3390/w13131761
https://doi.org/10.1109/JSTARS.2021.3110854
https://doi.org/10.1016/j.jag.2021.102371
https://doi.org/10.1016/j.jag.2021.102302
https://doi.org/10.1016/j.ecolind.2022.108988
https://doi.org/10.1016/j.marpolbul.2021.112801
https://www.ncbi.nlm.nih.gov/pubmed/34385022
https://doi.org/10.1080/01431161.2020.1842543
https://doi.org/10.1080/1755876X.2021.1902682
https://doi.org/10.3390/jmse10020127
https://doi.org/10.1016/j.scitotenv.2021.146801
https://doi.org/10.1016/j.scitotenv.2022.154369
https://www.ncbi.nlm.nih.gov/pubmed/35259389
https://doi.org/10.3390/ijerph191811753
https://doi.org/10.1177/03091333211052005
https://doi.org/10.1016/j.scitotenv.2021.149983
https://doi.org/10.3390/rs14164001


Remote Sens. 2024, 16, 446 70 of 83

210. Duan, Y.; Tian, B.; Li, X.; Liu, D.; Sengupta, D.; Wang, Y.; Peng, Y. Tracking Changes in Aquaculture Ponds on the China Coast
Using 30 Years of Landsat Images. Int. J. Appl. Earth Obs. Geoinf. 2021, 102, 102383. [CrossRef]

211. Ottinger, M.; Bachofer, F.; Huth, J.; Kuenzer, C. Mapping Aquaculture Ponds for the Coastal Zone of Asia with Sentinel-1 and
Sentinel-2 Time Series. Remote Sens. 2021, 14, 153. [CrossRef]

212. Wang, M.; Mao, D.; Xiao, X.; Song, K.; Jia, M.; Ren, C.; Wang, Z. Interannual Changes of Coastal Aquaculture Ponds in China at
10-m Spatial Resolution during 2016–2021. Remote Sens. Environ. 2023, 284, 113347. [CrossRef]

213. Xu, N.; Wang, Y.; Huang, C.; Jiang, S.; Jia, M.; Ma, Y. Monitoring Coastal Reclamation Changes across Jiangsu Province during
1984–2019 Using Landsat Data. Mar. Policy 2022, 136, 104887. [CrossRef]

214. Wang, X.; Yan, F.; Su, F. Changes in Coastline and Coastal Reclamation in the Three Most Developed Areas of China, 1980–2018.
Ocean Coast. Manag. 2021, 204, 105542. [CrossRef]

215. Xing, H.; Niu, J.; Feng, Y.; Hou, D.; Wang, Y.; Wang, Z. A Coastal Wetlands Mapping Approach of Yellow River Delta with a
Hierarchical Classification and Optimal Feature Selection Framework. CATENA 2023, 223, 106897. [CrossRef]

216. Wang, L.; Chen, C.; Xie, F.; Hu, Z.; Zhang, Z.; Chen, H.; He, X.; Chu, Y. Estimation of the Value of Regional Ecosystem Services of
an Archipelago Using Satellite Remote Sensing Technology: A Case Study of Zhoushan Archipelago, China. Int. J. Appl. Earth
Obs. Geoinf. 2021, 105, 102616. [CrossRef]

217. Qiu, L.; Zhang, M.; Zhou, B.; Cui, Y.; Yu, Z.; Liu, T.; Wu, S. Economic and Ecological Trade-Offs of Coastal Reclamation in the
Hangzhou Bay, China. Ecol. Indic. 2021, 125, 107477. [CrossRef]

218. Chen, C.; Feng, J.; Wang, C.; Mao, L.; Zhang, Y. Satellite-Based Monitoring of Coastal Wetlands in Yancheng, Jiangsu Province,
China. J. Mar. Sci. Eng. 2022, 10, 829. [CrossRef]

219. Han, Z.; Gao, Y.; Jiang, X.; Wang, J.; Li, W. Multisource Remote Sensing Classification for Coastal Wetland Using Feature
Intersecting Learning. IEEE Geosci. Remote Sens. Lett. 2022, 19, 3161578. [CrossRef]

220. Ai, B.; Huang, K.; Zhao, J.; Sun, S.; Jian, Z.; Liu, X. Comparison of Classification Algorithms for Detecting Typical Coastal
Reclamation in Guangdong Province with Landsat 8 and Sentinel 2 Images. Remote Sens. 2022, 14, 385. [CrossRef]

221. Fu, Y.; Deng, J.; Wang, H.; Comber, A.; Yang, W.; Wu, W.; You, S.; Lin, Y.; Wang, K. A New Satellite-Derived Dataset for Marine
Aquaculture Areas in China’s Coastal Region. Earth Syst. Sci. Data 2021, 13, 1829–1842. [CrossRef]

222. Hou, T.; Sun, W.; Chen, C.; Yang, G.; Meng, X.; Peng, J. Marine Floating Raft Aquaculture Extraction of Hyperspectral Remote
Sensing Images Based Decision Tree Algorithm. Int. J. Appl. Earth Obs. Geoinf. 2022, 111, 102846. [CrossRef]

223. Cheng, J.; Jia, N.; Chen, R.; Guo, X.; Ge, J.; Zhou, F. High-Resolution Mapping of Seaweed Aquaculture along the Jiangsu Coast of
China Using Google Earth Engine (2016–2022). Remote Sens. 2022, 14, 6202. [CrossRef]

224. Huber, S.; Hansen, L.B.; Nielsen, L.T.; Rasmussen, M.L.; Sølvsteen, J.; Berglund, J.; Paz Von Friesen, C.; Danbolt, M.; Envall, M.;
Infantes, E.; et al. Novel Approach to Large-scale Monitoring of Submerged Aquatic Vegetation: A Nationwide Example from
Sweden. Integr. Environ. Assess. Manag. 2022, 18, 909–920. [CrossRef] [PubMed]

225. Asner, G.P.; Vaughn, N.R.; Martin, R.E.; Foo, S.A.; Heckler, J.; Neilson, B.J.; Gove, J.M. Mapped Coral Mortality and Refugia in an
Archipelago-Scale Marine Heat Wave. Proc. Natl. Acad. Sci. USA 2022, 119, e2123331119. [CrossRef] [PubMed]

226. Finger, D.J.I.; McPherson, M.L.; Houskeeper, H.F.; Kudela, R.M. Mapping Bull Kelp Canopy in Northern California Using Landsat
to Enable Long-Term Monitoring. Remote Sens. Environ. 2021, 254, 112243. [CrossRef]

227. Houskeeper, H.F.; Rosenthal, I.S.; Cavanaugh, K.C.; Pawlak, C.; Trouille, L.; Byrnes, J.E.K.; Bell, T.W.; Cavanaugh, K.C. Automated
Satellite Remote Sensing of Giant Kelp at the Falkland Islands (Islas Malvinas). PLoS ONE 2022, 17, e0257933. [CrossRef]

228. Tait, L.W.; Thoral, F.; Pinkerton, M.H.; Thomsen, M.S.; Schiel, D.R. Loss of Giant Kelp, Macrocystis Pyrifera, Driven by Marine
Heatwaves and Exacerbated by Poor Water Clarity in New Zealand. Front. Mar. Sci. 2021, 8, 721087. [CrossRef]

229. Cavanaugh, K.C.; Cavanaugh, K.C.; Bell, T.W.; Hockridge, E.G. An Automated Method for Mapping Giant Kelp Canopy
Dynamics from UAV. Front. Environ. Sci. 2021, 8, 587354. [CrossRef]

230. Hobley, B.; Arosio, R.; French, G.; Bremner, J.; Dolphin, T.; Mackiewicz, M. Semi-Supervised Segmentation for Coastal Monitoring
Seagrass Using RPA Imagery. Remote Sens. 2021, 13, 1741. [CrossRef]

231. Janowski, L.; Wroblewski, R.; Rucinska, M.; Kubowicz-Grajewska, A.; Tysiac, P. Automatic Classification and Mapping of the
Seabed Using Airborne LiDAR Bathymetry. Eng. Geol. 2022, 301, 106615. [CrossRef]

232. Fernandes, M.B.; Hennessy, A.; Law, W.B.; Daly, R.; Gaylard, S.; Lewis, M.; Clarke, K. Landsat Historical Records Reveal
Large-Scale Dynamics and Enduring Recovery of Seagrasses in an Impacted Seascape. Sci. Total Environ. 2022, 813, 152646.
[CrossRef] [PubMed]

233. Lebrasse, M.C.; Schaeffer, B.A.; Coffer, M.M.; Whitman, P.J.; Zimmerman, R.C.; Hill, V.J.; Islam, K.A.; Li, J.; Osburn, C.L. Temporal
Stability of Seagrass Extent, Leaf Area, and Carbon Storage in St. Joseph Bay, Florida: A Semi-Automated Remote Sensing
Analysis. Estuaries Coasts 2022, 45, 2082–2101. [CrossRef] [PubMed]
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