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Abstract 45 

The use of satellite-based remote sensing imagery for water quality monitoring of inland 46 
and coastal waters has become widespread over the last few decades, with the expansion 47 
of, and investment in, operational Earth-observing missions. Satellite-based sensors are 48 
uniquely suited to provide synoptic, system-wide water quality parameter estimates that 49 
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supplement traditional field-based sampling methods. The remote sensing of water qual- 50 
ity parameter estimates is particularly valuable in systems with high temporal and spatial 51 
variability, as well as in areas that are difficult to access, or where agencies lack funding 52 
for routine monitoring. However, optically complex inland and coastal waters pose addi- 53 
tional challenges for developing robust remote sensing retrieval models for optical prop- 54 
erties and water quality parameters. One of the biggest challenges is collecting high qual- 55 
ity field measurements that are used to calibrate and validate the retrieval algorithms. 56 
Here, we present the current status of satellite missions, field methods that include instru- 57 
ments used and commonly measured parameters, and repositories of historical field data 58 
that are relevant to inland and coastal water studies. We then present data requirements 59 
for model validation and highlight gaps in validation coverage. Finally, we provide con- 60 
siderations for future field campaigns to improve coordination with remote sensing data 61 
collection and ensure that field data is well suited for use in model or algorithm develop- 62 
ment. 63 

Keywords: water quality; remote sensing; validation; monitoring; field measurements 64 
 65 

1. Introduction 66 

1.1. Why are inland and coastal waters important? 67 

Inland and coastal waters account for 0.0065% and 8-10% of all surface water on 68 
Earth, respectively [1,2], but they provide invaluable environmental services and socio- 69 
economic benefits that support our modern society and day-to-day life. Inland water bod- 70 
ies such as rivers, canals, lakes, and reservoirs often serve as drinking water supplies, en- 71 
able navigation, provide recreational opportunities, support fisheries and irrigated agri- 72 
culture, and are of cultural significance. Coastal water bodies are at the interface between 73 
the land and sea in bays, inlets, coves, estuaries, and harbors; they often support fisheries, 74 
serve as storm barriers, and host recreational and cultural activities. Inland and coastal 75 
water ecosystems provide many environmental benefits; they naturally filter pollutants 76 
and nutrients, regulate climate, and serve as biodiversity hotspots [3]. Societally, they in- 77 
fluence cultures and human health and well-being [4]. 78 

As inland and coastal waters have been leveraged for economic development, their 79 
spatial extent [5,6], biogeochemistry [7], and ecosystem functions [3,8] have been altered 80 
to varying degrees. These water bodies are now arguably the most imperiled ecosystems 81 
on Earth [9]. Rapid changes are often reflected in global water quality assessments that 82 
show increased suspended particulate matter (SPM) loads in rivers [10], higher chloro- 83 
phyll-a pigment concentration (Chl a) in coastal waters [11], more frequent observations 84 
of harmful algal blooms (HABs) [12] and invasive species [13], and decline in coverage of 85 
submerged aquatic vegetation in lakes [14,15] and seagrass in coastal waters [16]. Further, 86 
water quality degradation is impacting freshwater species, including mammals, amphib- 87 
ians, birds, reptiles, and fish, which have declined in population by an average of 83% 88 
from 1970 to 2018 according to the World Wildlife Fund (WWF) Living Planet Index [17]. 89 
Inland and coastal water systems are warming and becoming more eutrophic due to cli- 90 
mate change and increased nutrient loads, both of which can further increase the occur- 91 
rence of HABs in some locations [18], devastating fisheries and forcing managers to close 92 
recreational areas. A global estimate of the annual economic losses related to HAB events 93 
was around $10 billion U.S. dollars in 2014 [19]. 94 

1.2. Advantages of remote sensing as a tool  95 
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Optical satellite-based remote sensing of aquatic targets (herein referred as remote 96 
sensing) has emerged as a powerful tool for environmental studies because it provides 97 
unique advantages over in situ sampling techniques. By using satellite-based sensors, re- 98 
mote sensing allows for consistent repeat observations through space and time on scales 99 
unattainable by conventional ground- or aircraft-based sampling, enabling comprehen- 100 
sive global-scale assessments [20]. Specifically, remote sensing facilitates landscape-scale 101 
imagery of inland and coastal areas, potentially overcoming spatial and temporal biases 102 
that remain unavoidable with traditional in situ sampling methods [21]. Furthermore, his- 103 
toric satellite data records can be periodically reprocessed as remote sensing methods 104 
emerge or improve, offering a “time machine” for environmental monitoring. This level 105 
of data collection is valuable to extract whole-system processes from observed patterns, 106 
pinpoint hotspots of change, and reduce bias in sampling programs. 107 

One advantage of remote sensing is its accessibility for hard-to-reach and potentially 108 
hazardous locations. This accessibility is enhanced by the temporal repeat cycle, provid- 109 
ing valuable data that would otherwise be missed [22]. Remote sensing is cost-effective to 110 
the user, offering a complement to in situ sampling techniques, which are time-consum- 111 
ing, labor-intensive, and limited in spatial coverage [21–23]. Furthermore, remote sensing 112 
has the potential to produce datasets where no in situ data existed previously, such as 113 
regions that may not have resources available for sampling and analysis [20].    114 

While remote sensing offers significant advantages, there are limitations, such as: re- 115 
strictions on what aquatic variables can be measured [21,24]; impacts from clouds, sun 116 
glint, bottom reflectance, and adjacency effects from surrounding terrestrial areas 117 
[21,22,24,25]; the need for rigorous processing, including atmospheric correction, to gen- 118 
erate good quality aquatic data products [22,25]; and being limited to the first optical 119 
depth. Additionally, for remote sensing data to provide meaningful measurements, cali- 120 
bration of the sensors and performance assessments of the derived data products are es- 121 
sential [25]. Finally, spatial resolution (pixel size), spectral resolution (channel wavelength 122 
centers and widths), and temporal resolution (data collection frequency) may be limita- 123 
tions for remote sensing usage. Despite these limitations, remote sensing provides a val- 124 
uable complement to in situ measurement programs given its frequent, repeat, large-scale 125 
global sampling. 126 

1.3. Gaining user trust and the role of validation 127 

The availability and utility of remote sensing data products are continuing to expand. 128 
However, the adoption of these data products requires trust on the part of end users, es- 129 
pecially for water quality parameters derived from remote sensing. Often, users expect 130 
data and products delivered by government agencies and other trusted organizations to 131 
be accurate and precise. When users compare values reported in a remote sensing product 132 
with their own in situ data and see a mismatch, they can lose confidence in remote sensing 133 
products. A data product may be precise in a certain geographic region or water type but 134 
be identified as having unknown or limited performance elsewhere due to a lack of vali- 135 
dation data and/or other processing challenges. Developing and maintaining trust for wa- 136 
ter quality products derived from remote sensing requires a transdisciplinary approach, 137 
time, continued engagement, and communication between agencies and other trusted or- 138 
ganizations with end-users [26–28]. As a result, end-user requirements should drive re- 139 
quired product performance and acceptable levels of uncertainty for remote sensing prod- 140 
ucts. This challenges the assignment of a unified and ubiquitous framework for defining 141 
what is an “acceptable” remote sensing retrieval. For example, a categorical data product 142 
that indicates the presence or absence of a water quality issue can be meaningful for some 143 
users and requires a different approach for validation than a precise quantitative estimate 144 
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of a water quality parameter, measured as a continuous variable, that another user might 145 
require. 146 

Overall, there is increasing interest in using satellite remote sensing to help manage 147 
and monitor inland and coastal waters, and for scientific research in spatiotemporal 148 
changes in water bodies. However, established inland and coastal water validation sites 149 
are often limited and do not encompass global variability, limiting the number of well- 150 
characterized products across a few selected dynamic ranges and retrieval conditions. In- 151 
creased validation efforts for inland and coastal waters are thus essential to providing 152 
acceptable products that meet the needs of end users. 153 

1.4. Publication aims and objectives 154 

The idea for this paper was conceived at the National Aeronautics and Space Admin- 155 
istration (NASA) Workshop on the Validation of Satellite-derived Optical and Water 156 
Quality Parameters for Coastal and Inland Waters, held at the University of Wisconsin- 157 
Madison, June 7-9, 2022; a decade after a similar workshop on Coastal and Inland Remote 158 
Sensing [29]. The workshop convened with the purpose of sharing knowledge about the 159 
current state of the science, particularly the validation of satellite-derived optical and wa- 160 
ter quality parameters for inland and coastal waters. This paper focuses on what is needed 161 
from existing in situ measurements and protocols, identifies current in situ measurement 162 
databases and gaps for future improvements, and the effort required for validating coastal 163 
and inland water satellite imagery. The goal is to better utilize data products from current 164 
and upcoming satellite missions for optically complex water bodies. As such, the specific 165 
goals of this paper are to: 1) summarize the state of the science of satellite remote sensing 166 
products for coastal and inland waters; 2) identify validation needs for remote sensing 167 
reflectance products and derived water quality parameters; and 3) identify improvements 168 
in validation protocols, optimized for inland and coastal water conditions. 169 

Our primarily intended audience is the scientific community and stakeholders in- 170 
volved in water quality monitoring and management. As such, the technical terminology 171 
that refers to remote sensing was carefully defined, and several sections may have infor- 172 
mation that is well-known by remote sensing experts and experienced users. Neverthe- 173 
less, we aimed to cover all aspects relevant to validating satellite products, including less 174 
targeted parameters and aspects related to sensor technologies. We believe that the in- 175 
volvement of a broad audience is necessary to successfully advance the development of 176 
robust remote sensing models for quality by presenting the current state of the science 177 
and gaps and to ultimately improve the usefulness of satellite-derived products. 178 

2. State of the Science 179 

2.1. Advancements since 2015 180 

Community workshops held in 2012 and 2022 brought together a diverse community 181 
of science developers, users, and managers to identify the need to advance remote sensing 182 
in coastal and inland water bodies. The 2012 workshop [29] focused on the four funda- 183 
mental elements of aquatic satellite remote sensing: mission capability, algorithm devel- 184 
opment, in situ observations, and operational capacity [25]. Primary challenges and rec- 185 
ommendations for each of the four areas were identified at that time and are briefly sum- 186 
marized here. 187 

Mission capability – the continued demand for geostationary and polar orbiting mis- 188 
sions with appropriate sensitivity, spectral, spatial, and temporal scales, with expanded 189 
spectral resolution, was identified due to the lack of on-orbit missions focused on the 190 
scales of variability of coastal and inland water bodies at the time.  191 
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Algorithm development – the desire to focus on product continuity rather than algo- 192 
rithm continuity and the requirement of intercomparison exercises to identify algorithm 193 
strengths and limitations, resulting in consolidation of algorithm frameworks in optically 194 
diverse regions, were identified.  195 

In situ observations – the opportunity to support hyperspectral mission instrumen- 196 
tation gaps, along with the demand to update protocols to account for a broad dynamic 197 
range of optical and biogeochemical variability, and minimum observations were recom- 198 
mended for field observations to have the most significant impact in validation efforts. 199 
Clear, consistent, and coordinated data sharing policies between agencies with centralized 200 
publicly available data repositories to ensure access to consistent, high-quality data, re- 201 
gardless of funding source, was recommended to enable meeting broad user group re- 202 
quirements.  203 

Operational capacity – the most significant challenges were identified as the mis- 204 
match between the information supplied by remote sensing data and the information de- 205 
sired by end users; the user’s ability to work with software, data volumes, and file types; 206 
and the user’s ability to identify products with the least uncertainty for given applications. 207 
The following suggestions were identified to reduce this mismatch: expand training op- 208 
portunities; establish a panel of rotating experts that could provide advice on fit-for-pur- 209 
pose solutions; expand accompanying decision support tools and infrastructure devel- 210 
oped for and in consultation with the user community; ensure free, publicly available, and 211 
timely access to all data streams; and develop a user-driven community of practice.  212 

A decade later, significant strides in mission capability have been accomplished or 213 
are planned for the near future (see Section 2.2). Many instrumentation advancements 214 
have been accomplished (e.g., the availability of hyperspectral backscattering instru- 215 
ments, see Section 2.3). Many algorithm advancements have emerged, including frame- 216 
works focusing on optical water types as the basis for deciding the most appropriate al- 217 
gorithm to apply (e.g., [30]). However, coastal and inland in situ observations from around 218 
the globe are lacking standardization and remain in disparate databases with a broad 219 
range of observations based on the observer's goals, skills, and accessibility to various 220 
instrumentation. In this way, elements from the in situ observation and operational capac- 221 
ity recommendations from Mouw et al. 2015 [25] have not yet been fully realized. Thus, 222 
validation of satellite-derived and optical water quality parameters for coastal and inland 223 
waters remains a data gap and area of interest for continued community investment, 224 
which was the focus of the 2022 workshop. 225 

2.2. Current & upcoming missions 226 

Satellite-based remote sensing missions have been developed and launched by mul- 227 
tiple countries. The NASA, National Oceanic and Atmospheric Administration (NOAA), 228 
and United States Geological Survey (USGS) in the United States of America, and the Eu- 229 
ropean Space Agency (ESA) and European Organization for the Exploitation of Meteoro- 230 
logical Satellites (EUMETSAT) in the European Union (EU) have led the most missions, 231 
but China, India, Japan, and South Korea have also launched operational Earth-observing 232 
sensors. Currently, operational sensors span a range of spatial, temporal, and spectral res- 233 
olutions. These missions can be generally separated into high (<100 meters (m)) and mod- 234 
erate (>100 m) spatial resolution subsets. Missions can also be separated by temporal res- 235 
olution, with repeat visitation ranges of 1-16 days, with some geostationary satellites of- 236 
fering multiple retrievals per day for specific areas of the Earth. All but two of the current 237 
missions are multispectral sensors, with some having spectral bands in regions optimized 238 
for aquatic retrievals. Details of operational (as of 21 May 2025) missions can be found in 239 
Table 1.  240 
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Table 1. Non-exhaustive list of current space agency-led satellite-based remote sensing missions 241 
with publicly available data. All missions are operational as of 21 May 2025.  Spatial, spectral, and 242 
temporal resolution specifications were compiled from space agency websites. Sensor name, satel- 243 
lite name, space agency and country are provided, including websites where more information on 244 
the mission can be obtained, as well as links to data access. 245 

Sensor Satellite 
Agency 
Region 

Orbit Spatial res-
olution (m, 

meters) 

Spectral reso-
lution (nm, na-

nometers) 

Tem-
poral res-
olution 

Website 

AHI HIMAWARI-8 
JMA 
Japan 

Geosta-
tionary 

1000-2000 470-1331 
(16 bands) 

10 
minutes 

Meteorological Satellite 
Center (MSC) | HOME 

AHI HIMAWARI-9 
JAXA 
Japan 

Geosta-
tionary 

1000-2000 470-1331 
(16 bands) 

 

10 
minutes 

Meteorological Satellite 
Center (MSC) | HOME 

GOCI-II GeoKompsat-2B 
KARI/KIOST 
South Korea 

Geosta-
tionary 

250 380-900 10 times 
per day 

Korea Ocean Satellite 
Center 

HYC PRISMA 
ASI 
Italy 

Polar 30 400-1010 
(hyperspectral, 
66 bands), and 
920-2505 (hy-

perspectral, 173 
bands) 

User-de-
fined tar-

gets 

ASI | Agenzia Spaziale 
Italiana 

MSI Sentinel-2A/B/C 
ESA 
EU 

Polar 10-20-60 442-2202 
(13 bands) 

10 days Sentinel-2 | Copernicus 
Data Space Ecosystem 

MODIS Aqua (EOS-PM1) 
NASA 
USA 

Polar 250-1000 405-2130 
(13 bands) 

1 day MODIS Web 

MODIS Terra (EOS-PM2) 
NASA 
USA 

Polar 250-1000 405-2130 
(13 bands) 

1 day MODIS Web 

OCI PACE 
NASA 
USA 

Polar 1000 317-885, 1240-
2250nm (hyper-
spectral, 5 nm 

spacing) 

1 day NASA PACE - Home 

OCM Oceansat-2 
ISRO 
India 

Polar 360x236 404-885 
(8 bands) 

2 days Oceansat-2 

OCM EOS-6-Oceansat-
3 

ISRO 
India 

Polar 360/1080 412-1010 
(13 bands) 

2 days EOS-06 

https://www.data.jma.go.jp/mscweb/en/index.html
https://www.data.jma.go.jp/mscweb/en/index.html
https://www.data.jma.go.jp/mscweb/en/index.html
https://www.data.jma.go.jp/mscweb/en/index.html
https://kosc.kiost.ac.kr/index.nm?menuCd=44&lang=en
https://kosc.kiost.ac.kr/index.nm?menuCd=44&lang=en
https://www.asi.it/en/earth-science/prisma/
https://www.asi.it/en/earth-science/prisma/
https://dataspace.copernicus.eu/explore-data/data-collections/sentinel-data/sentinel-2
https://dataspace.copernicus.eu/explore-data/data-collections/sentinel-data/sentinel-2
https://modis.gsfc.nasa.gov/
https://modis.gsfc.nasa.gov/
https://pace.gsfc.nasa.gov/
https://www.isro.gov.in/Oceansat_2.html
https://www.isro.gov.in/EOS_06.html
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EnMAP Environmental 
Mapping and 
Analysis Pro-

gram 
DLR-EOC 
Germany 

Polar 30 420 – 1000 (hy-
perspectral 6.5 
nm spacing) 

900 – 2450 (hy-
perspectral 

10nm spacing) 

27 days EnMAP 

PMC-2 Gaofen-2 
CRESDA 

China 

Polar Sub-meter Multispectral (4 
bands VIS-NIR) 

5 days Earth Observation Satel-
lites from CRESDA 

OLCI Sentinel-3A/B 
ESA/EU-

METSATEU 

Polar 300 400-1020 
(16 bands) 

2 days Sentinel-3 | EUMETSAT 

OLI LandSat-8 
NASA/USGS 

USA 

Polar 30 442-2200 
(9 bands) 

16 days Landsat 8 | U.S. Geolog-
ical Survey 

OLI-2 LandSat-9 
NASA/USGS 

USA 

Polar 30 442-2200 
(9 bands) 

16 days Landsat 9 | U.S. Geolog-
ical Survey 

SGLI GCOM-C 
JAXA 
Japan 

Polar 250-1000 375-12500 
(19 bands) 

2-3 days JAXA | Global Change 
Observation Mission - 
Climate "SHIKISAI" 

(GCOM-C) 
VIIRS Suomi NPP 

NOAA 
USA 

Polar 375/750 412-11800 
(22 bands) 

1 day Joint Polar Satellite Sys-
tem | NESDIS | Na-
tional Environmental 

Satellite, Data, and Infor-
mation Service 

VIIRS JPSS-1/NOAA-20 
NOAA/NASA 

USA 

Polar 375/750 412-11800 
(22 bands) 

1 day Joint Polar Satellite Sys-
tem | NESDIS | Na-
tional Environmental 

Satellite, Data, and Infor-
mation Service 

VIIRS JPSS-2/NOAA-21 
NOAA/NASA 

USA 

Polar 375/750 412-11800 
(22 bands) 

1 day Joint Polar Satellite Sys-
tem | NESDIS | Na-
tional Environmental 

Satellite, Data, and Infor-
mation Service 

These missions (Table 1) demonstrate advancements that include hyperspectral res- 246 
olution sensors, increased spatial resolutions, and missions dedicated to coastal and in- 247 
land waters. Mouw et al. 2015 [25] called for sensor missions with expanded spectral res- 248 
olution, increased sensitivity, and increased spatial resolution while maintaining a short 249 
revisit period (temporal resolution). These requirements are important for monitoring es- 250 
sential biodiversity variables [31]. Some of these recommendations have been realized in 251 
the Sentinel 2 and Sentinel 3 missions (EUMETSAT and ESA; Sentinel-2 | Copernicus Data 252 

https://www.enmap.org/
https://database.eohandbook.com/database/agencysummary.aspx?agencyID=130
https://database.eohandbook.com/database/agencysummary.aspx?agencyID=130
https://www.eumetsat.int/sentinel-3
https://www.usgs.gov/landsat-missions/landsat-8
https://www.usgs.gov/landsat-missions/landsat-8
https://www.usgs.gov/landsat-missions/landsat-9
https://www.usgs.gov/landsat-missions/landsat-9
https://global.jaxa.jp/projects/sat/gcom_c/
https://global.jaxa.jp/projects/sat/gcom_c/
https://global.jaxa.jp/projects/sat/gcom_c/
https://global.jaxa.jp/projects/sat/gcom_c/
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://www.nesdis.noaa.gov/our-satellites/currently-flying/joint-polar-satellite-system
https://dataspace.copernicus.eu/explore-data/data-collections/sentinel-data/sentinel-2
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Space Ecosystem,  Sentinel-3 | EUMETSAT). Both the NASA Phytoplankton, Aerosol, 253 
Cloud, ocean Ecosystem (PACE; NASA PACE - Home) and the Italian Space Agency (ASI) 254 
Hyperspectral Precursor of the Application Mission (PRISMA; ASI | Agenzia Spaziale 255 
Italiana) missions carry hyperspectral sensors. While PACE (launched on February 8, 256 
2024) was designed for ocean color applications with a 1 km pixel size and a 1-2 day revisit 257 
time, PRISMA’s sensor (launched on March 22, 2019) was optimized for coastal and inland 258 
waters (as well as vegetation) with 30 m spatial resolution, but it operates in a "user 259 
driven" targeting mode with a re-targeting period of up to 7 days and a response time of 260 
up to 14 days. The Environmental Mapping and Analysis Program (EnMAP) mission pro- 261 
vides hyperspectral data at a 30 m resolution every 27 days.  262 

Other novel color satellite missions to be mentioned are the SeaHawk-1 (multispec- 263 
tral, 120 m resolution, launched in 2018 and operational until November 2023) and the 264 
Hyper-Spectral Small Satellite for Ocean Observation 1 (HYPSO-1; hyperspectral, 140 m 265 
resolution, launched in 2022) CubeSat missions, which have been led by academic insti- 266 
tutions mostly as proof-of-concept missions. SeaHawk-1 was funded by the Gordon and 267 
Betty Moore Foundation and supported by a Space Act Agreement with NASA; it pro- 268 
duced a global coverage of inland and coastal waters, and its data is freely available 269 
through the NASA's ocean color website. On the high end of spatial resolution it is rele- 270 
vant to mention the PlanetScope satellite constellation, which consists of multiple 271 
launches of individual CubeSats (Doves and SuperDoves, multispectral, 3-4 m resolution, 272 
daily revisit time). PlanetScope mission’s data is freely available for scientific research and 273 
application development through ESA’s website upon submission and acceptance of a 274 
project proposal. 275 

Upcoming missions that will likely be important for inland and coastal water appli- 276 
cations include the NASA Surface Biology and Geology (SBG) mission (in planning stages, 277 
possible launch in 2028) that will likely carry a hyperspectral sensor with a 30 m pixel size 278 
and a 1-2 week revisit time, the expansion of the Landsat suite of satellites with Landsat 279 
Next (expected launch 2030), the Geostationary Littoral Imaging and Monitoring Radiom- 280 
eter (GLIMR, expected launch 2026-2027), and the NOAA satellite mission Geostationary 281 
Extended Observations (GeoXO, expected launch 2032). These upcoming missions could 282 
greatly expand the scientific possibilities for remote sensing of inland and coastal waters. 283 
They also represent the increased focus on Earth observation data that is optimized for 284 
water targets. However, the demand remains for additional missions with spectral reso- 285 
lution and sensitivity to resolve optically complex water bodies with small enough spatial 286 
resolution for inland water bodies. 287 

2.3. Existing in situ sensor technology 288 

In situ sensor technology has advanced considerably over the last two decades. Sen- 289 
sors are getting smaller, more modular, user-friendly, accurate, and able to measure more 290 
parameters. These include inherent and apparent optical properties (defined below) and 291 
a wide range of water quality parameters. Traditionally, water samples are collected, and 292 
the water properties are measured using laboratory analysis techniques, which can be 293 
costly and time-consuming. Field sensors can increasingly complement laboratory anal- 294 
yses, although they also have costs, including regular maintenance, and a learning curve 295 
associated with their use. In addition to their use in specific sampling campaigns, field 296 
sensors can be deployed to measure water properties continuously, providing in some 297 
cases data to users in real-time. Autonomously deployed sensors can increase the quantity 298 
of data for satellite data product validation, reduce data collection effort, speed up data 299 
delivery, and provide high-frequency measurements. These instruments can also provide 300 
temporal variability in water conditions that near-polar orbiting satellite sensors cannot 301 
capture. 302 

https://dataspace.copernicus.eu/explore-data/data-collections/sentinel-data/sentinel-2
https://www.eumetsat.int/sentinel-3
https://pace.gsfc.nasa.gov/
https://www.asi.it/en/earth-science/prisma/
https://www.asi.it/en/earth-science/prisma/
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2.3.1. IOPs, AOPs, and water quality attributes 303 

Inherent optical properties (IOPs) of water describe how light interacts with an 304 
aquatic medium and are wavelength dependent. IOPs are independent of incident illumi- 305 
nation conditions (e.g., clouds or time of day). They fall into two main categories: absorp- 306 
tion and scattering [32,33]. IOPs can be used to describe interactions of sunlight with dis- 307 
solved and particulate matter via absorption and scattering effects. Sunlight can be ab- 308 
sorbed by constituents in the water column or scattered in different directions. Bulk IOPs, 309 
the total absorption coefficient (a) and the total scattering coefficient (b), describe the ab- 310 
sorption and scattering effects of all the constituents in the water column, including water 311 
itself. These bulk IOPs can be broken down into sub-components, such as chromophoric 312 
dissolved organic matter (CDOM), pigmented algal particles, and non-algal particles 313 
(NAPs, e.g., sediment & detritus), which can be operationally relevant. The beam attenu- 314 
ation coefficient (c) is also an IOP that measures how sunlight dissipates in the water col- 315 
umn and is the sum of a and b. Another commonly used IOP is the backscattering coeffi- 316 
cient (bb) that describes the portion of light scattered into a backwards facing hemisphere 317 
relative to the path of an incoming beam of light. 318 

The apparent optical properties (AOPs) of water depend upon the IOPs and the illu- 319 
mination conditions and vary by wavelength. These properties are used to gain insights 320 
into the optical constituents of a waterbody [32]. Commonly measured AOPs include re- 321 
flectance and diffuse attenuation coefficients (K-functions), which describe the depth of 322 
light penetration in the water column. Reflectance is a measure of the fraction of the in- 323 
coming sunlight (downwelling irradiance, Ed) relative to the amount that is emerging 324 
from within the water column and can be based on upwelling irradiances or radiances. 325 
Remote sensing reflectance (Rrs) is often used in aquatic remote sensing. It is derived 326 
through normalizing water-leaving radiance (Lw) to the incoming sunlight reaching the 327 
water surface (Ed). It can be measured in the field using radiometric sensors that measure 328 
upwelling radiance and downwelling irradiance and is often used for comparisons with 329 
equivalent satellite data products. Diffuse attenuation coefficients (upwelling and down- 330 
welling) describe the amount of light dissipated along a vertical pathlength in the water 331 
column and can be measured directly using profiling radiometric sensors (see Section 332 
2.3.3). The diffuse attenuation coefficient of downwelling irradiance (Kd), and more spe- 333 
cifically the diffuse attenuation coefficient of photosynthetically active radiation (KPAR), is 334 
a standard measure in environmental assessments, such as in the United States Environ- 335 
mental Protection Agency (EPA) National Coastal Condition Assessment (NCCA). 336 

Additionally, water quality attributes are commonly derived from satellite Rrs using 337 
retrieval algorithms or models [21,22,24,25]. These include Secchi disk depth, turbidity, 338 
SPM, Chl a, accessory algal pigments concentrations such as phycocyanin (PC) and phy- 339 
coerythrin (PE), CDOM, among others. The acronyms and symbols used in this review 340 
are summarized in Table 2. 341 

Table 2. Summary of acronyms and symbols used in this review 342 

Symbol/acronym Definition 
a 
aCDOM 

aNAP 
anw 

ap 

aphy 
AOP 

Absorption coefficient 
Absorption coefficient of CDOM 
Absorption coefficient of non-algal particles 
Non-water absorption coefficient 
Absorption coefficient of suspended particles (phytoplankton+NAP) 
Absorption coefficient of phytoplankton 
Apparent Optical Property 
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b 
bb 

bbp 

bnw 

c 
CDOM 
Chl a 
DOC 
Ed 
HAB 
HPLC 
IOP 
Kd 

KPAR 
Lw 
NAP 
NIR 
NPQ 
PC 
PCC 
PE 
Rrs 
SPM/TSS 
SWIR 
VIS 
VSF or β 
βp 

Scattering coefficient 
Backscattering coefficient 
Backscattering coefficient of suspended particles 
Non-water scattering coefficient 
Beam attenuation 
Chromophoric Dissolved Organic Matter 
Chlorophyll a 
Dissolved Organic Carbon 
Downwelling irradiance 
Harmful Algal Bloom 
High-Performance Liquid Chromatography 
Inherent Optical Property 
Diffuse attenuation coefficient of downwelling irradiance 
Diffuse attenuation coefficient of photosynthetically active radiation 
Upwelling (water-leaving) radiance 
Non-Algal Particles 
Near Infrared 
Non-Photochemical Quenching 
Phycocyanin 
Phytoplankton Community Composition 
Phycoerythrin 
Remote sensing reflectance 
Suspended Particulate Matter/Total Suspended Solids 
Shortwave Infrared 
Visible spectrum 
Volume scattering function 
Particulate volume scattering function 

2.3.2. IOPs measurements 343 

IOPs, such as absorption, scattering, and beam attenuation coefficients can be meas- 344 
ured using a variety of sensors and methods (Supplementary Table S1). Measurement 345 
units can vary depending on the property, but typically absorption and scattering coeffi- 346 
cients are expressed in units of per meter (m⁻¹), or in units of per meter per steradian (m-1 347 
sr-1). Some sensors can perform hyperspectral measurements, while others measure at sin- 348 
gle or multiple wavelengths. 349 

One of the most commonly used instruments to measure absorption and beam atten- 350 
uation in the field are absorption and attenuation meters (ac-meters) (Table S1). This type 351 
of instrument has two flow tubes, one with a matte black internal surface for measuring 352 
c, and the other fitted with a reflective quartz sleeve for measuring a. An ac-meter 353 
measures the absorption coefficient of suspended particles plus CDOM (ap+aCDOM), or 354 
CDOM (aCDOM) alone when a 0.2 micrometer (µm) filter is attached. Another type of ab- 355 
sorption sensor is known as integrating cavity absorption meters (ICAMs). In ICAMs, wa- 356 
ter is pumped through a flow-through point source integrating cavity (Table S1). The ac- 357 
meters can also measure b by computing the difference between the measurements of c 358 
and a. Another option to measure b (and bb) is to use multi-angle volume scattering func- 359 
tion (VSF) meters (Table S1), while fixed-angle VSF-meters, also known as backscattering 360 
sensors (Table S1), are more routinely used to determine bb [34]. 361 
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IOPs sensors require careful calibration, correction, and field deployment proce- 362 
dures. Absolute calibration standard reference materials are needed, such as pure water, 363 
certified absorption standards (e.g., nigrosin), calibrated scattering standards, or non-ab- 364 
sorbing scattering materials (e.g., polystyrene microbeads). Absorption and scattering are 365 
temperature and salinity dependent, and ideally corrected using simultaneous tempera- 366 
ture and salinity measurements and well documented correction equations [35–37]. Fur- 367 
thermore, many IOPs in situ sensors have been developed for oceanic waters, posing lim- 368 
itations in optically complex waters, and requiring corrections or adaptation of sensor 369 
technologies, as detailed in Section 3.3. 370 

2.3.3. AOPs measurements 371 

Rrs can be estimated from field measurements of upwelling radiance and down- 372 
welling irradiance made at a sampling location using field radiometric instruments (Sup- 373 
plementary Table S2). Radiometric measurements are collected through manually or au- 374 
tomatically operated sensors. Measurement approaches can be broadly divided into two 375 
categories: 1) above-water and 2) in-water radiometry, where upwelling radiance and 376 
downwelling irradiance are measured above or in the water [38,39]. A special case of 377 
above-water radiometry is adding skylight-blocking techniques for shielding the sensor 378 
from reflected sky radiance to measure Lw near the water surface [40]. Sensors can be 379 
hand-held and pointed in the appropriate directions to measure the radiometric variables 380 
of interest or installed on a floating frame, boat, fixed platform, or profiler. Radiances are 381 
expressed in watts per square meter per steradian (W m-2 sr-1), whereas irradiances are 382 
expressed in watts per square meter (W m-2). Rrs is, therefore, reported in units of per ste- 383 
radian (sr-1). 384 

Kd can be estimated from field measurements of downwelling irradiance made at 385 
different depths by profiling field spectroradiometers; whereas KPAR is more commonly 386 
measured in the field using PAR sensors that quantify the spectrally integrated photosyn- 387 
thetic flux density of photons (in the range 400-700 nanometers (nm) at different depths) 388 
(Table S2). Log-transformed irradiance (or PAR) typically decreases linearly as a function 389 
of depth, and the slope of this linear relationship is Kd (or KPAR). We note, however, that 390 
KPAR is not a depth independent parameter and can lead to erroneous estimates of PAR 391 
propagated to depth [41]. Measurement approaches are limited to in-water radiometry, 392 
and irradiance measurements are often taken at the same depths as other water column 393 
indicators. Sensors can be added to any profiler to accommodate their size and type. Dif- 394 
fuse attenuation coefficients are reported per meter (m-1). 395 

2.3.4. Water quality measurements 396 

In situ water quality sensors can be used to directly relate water quality attributes to 397 
satellite remote sensing reflectance and/or be used in combination with the aforemen- 398 
tioned IOPs and AOPs to validate bio-optical models (see Section 2.5 for more details on 399 
the validation process). Near real-time and real-time water quality in situ measurements 400 
can complement discrete sampling for validating satellite data products, such as when 401 
developing real-time water quality monitoring and forecasting systems (e.g., [42]). In situ 402 
sensors (Supplementary Table S3) can measure optical water quality attributes such as 403 
turbidity, Chl a, accessory algal pigments, and CDOM, based on the absorbance, scatter- 404 
ing, or fluorescence principles associated with a given water quality parameter. 405 

Turbidity can be measured using scattering-based in situ sensors (Table S3). Com- 406 
mon units include nephelometric turbidity ratio units (NTU) and formazin nephelometric 407 
units (FNU). Scattering-based turbidity sensors are now so robust and accurate that low- 408 
cost, do-it-yourself turbidity sensors rival commercial sensors accuracy and usability 409 
[43,44]. To obtain physical units of mass/volume concentration (e.g., milligrams per liter 410 
(mg/L)), field samples can be analyzed in a laboratory for SPM concentration, typically by 411 
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filtering the water and weighing the dried contents on the filter. Turbidity sensors can be 412 
related with laboratory measurements of SPM due to the strong correlation between SPM 413 
and turbidity. 414 

Chl a and accessory algal pigments, such as PC and PE, are typically measured using 415 
fluorescence-based in situ sensors (Table S3). Fluorescence is an inelastic scattering pro- 416 
cess that occurs when a material is irradiated with light of a certain wavelength, which is 417 
absorbed and re-emitted at a longer wavelength. Most commercial Chl a fluorescence sen- 418 
sors output concentrations in units of micrograms per liter (μg/L) using laboratory-based 419 
calibrations with Chl a standards, but they may require site-specific calibration using field 420 
samples and ambient temperature corrections [45]. 421 

CDOM is a complex mixture of organic molecules and is operationally defined as the 422 
optically active components dissolved in water that pass through a 0.2 µm pore-size filter 423 
[46]. CDOM can be characterized as a water quality attribute using a range of measure- 424 
ment methods (Table S3). The absorption coefficient of CDOM (aCDOM) at a specific wave- 425 
length (e.g., 440 nm) is an IOP. In situ CDOM sensors typically use fluorescence with units 426 
of relative fluorescence units (RFU) or quinine sulfate dihydrate units (QSU) and require 427 
site-specific calibration using field samples and ambient temperature corrections [47]. Ab- 428 
sorbance based measurements using an in situ or laboratory spectrophotometer are also 429 
common, traditionally measuring absorbance at one or more wavelength bands and re- 430 
porting the derived absorption coefficient in units of m-1 together with its wavelength 431 
(such as aCDOM(440)). For CDOM absorption measurements, water samples must be passed 432 
through a 0.2 μm pore-size filter. This can be done for both laboratory and in situ sensors. 433 

2.4. Existing databases 434 

In anticipation of the continued growth of inland and coastal water quality monitor- 435 
ing approaches, many databases may be considered for validating satellite-derived water 436 
quality attributes. In situ data are essential for advancing bio-optical models, including 437 
their development and validation, and building future capabilities. Ideally, databases 438 
would consist of well-documented and quality-controlled IOPs and AOPs across wide 439 
geographic areas and over large dynamic ranges. However, very few datasets are com- 440 
piled with the purpose of validating bio-optical algorithms and the resulting satellite-de- 441 
rived water quality attributes. While well-established methods for validation exist in 442 
ocean settings [48], new methods and alternative options may need to be established in 443 
inland and coastal waters [49]. This section briefly describes several known databases that 444 
are likely to advance such algorithms for inland and coastal waters. These databases are 445 
publicly aggregated and linked through the Group on Earth Observations (GEO) 446 
AquaWatch website [50]. 447 

Data access policies range from restricted access in the University of Stirling’s Lake 448 
Bio-optical Measurements and Matchup Data for Remote Sensing (LIMNADES) database 449 
to mixed access at the Commonwealth Scientific and Industrial Research Organisation’s 450 
(CSIRO) Data Access Portal (DAP), to a majority of publicly accessible databases such as 451 
the Water Quality Portal’s (WQP) underlying databases, Global Lake Ecological Observa- 452 
tory Network’s (GLEON) LakeBase, and Global Water Quality Database (GEMStat). Tem- 453 
poral coverage within databases is broad, from 1844 through the present day, with tem- 454 
poral intervals and date ranges varying by location. Spatial coverage of these databases is 455 
typically more aligned with database funding efforts, and ranges in scale from global, 456 
such as in NASA’s SeaWiFS Bio-optical Archive and Storage System (SeaBASS), to re- 457 
gional, with the European Environment Agency’s (EEA) Waterbase and the Latin Ameri- 458 
can Research Network of Marine-Coastal Stressors in Latin America and the Caribbean’s 459 
(REMARCO) similarly named platform, to national, such as in the Australian National 460 
Collaborative Research Infrastructure Strategy (NCRIS) enabled Integrated Marine 461 
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Observing System (IMOS) and the Gordon Foundation initiated DataStream. Data access 462 
is handled universally through URL electronic records access, and the ability to contribute 463 
to these databases varies. 464 

2.5. The validation process 465 

Water quality attributes can be analytically related to satellite measurements through 466 
AOPs, which in turn depend on in-water IOPs, through different types of algorithms and 467 
bio-optical models (Figure 1). Other satellite retrievals of interest can include, but are not 468 
limited to, phytoplankton community composition (PCC), nutrients, toxins (e.g., pro- 469 
duced by cyanobacteria), and dissolved organic carbon (DOC), which are often indirect 470 
derivations that involve statistical relationships. The validation process of these products 471 
can focus on different relations depicted in Figure 1. Frequently used approaches are: 1) 472 
validating field water quality parameters directly against their satellite-retrieved match- 473 
ups; and 2a) validating in situ radiometric measurements, usually Rrs, against their satel- 474 
lite-retrieved matchups, followed by 2b) validating field water quality parameters against 475 
their estimations derived from simultaneous in situ radiometric measurements. 476 

Approach 1) is desirable for end-user applications, as it provides a bulk estimation 477 
of the related errors and uncertainties. However, it does not provide information regard- 478 
ing the source of these uncertainties, while approach 2) provides further insight on this 479 
matter. For example, approach 2a) allows errors or uncertainties to be distinguished that 480 
might be generated by the atmospheric correction process of satellite data (Figure 1), 481 
while 2b) can be useful for refining  algorithms or models without the uncertainties re- 482 
lated to the atmospheric contribution, adjacency effects, and other contributions. Each ap- 483 
proach has different needs regarding in situ measurements (Section 3.1), and approach 2) 484 
may also require reconciling hyperspectral field radiometric measurements with multi- 485 
spectral satellite bands. The mathematically correct approach involves the convolution of 486 
radiance and irradiance measurements with satellite spectral response functions before 487 
computing Rrs [51]. 488 

Previous studies have used both linear and log-transformed metrics to compare esti- 489 
mates (E) against in situ measurements (M) to evaluate the quality of remote sensing re- 490 
trievals. Among typically used linear metrics are the mean absolute error (MAE), the mean 491 
error or bias (ME), the root mean square error (RMSE), and the slope of the linear regres- 492 
sion (S). Performance metrics are often referred to as “differences” instead of “errors” 493 
(e.g., RMSD instead of RMSE), acknowledging that in situ measurements are not perfect 494 
ground truths. The ME and MAE can also be computed as relative errors (in percentages), 495 
named the mean percentage error (MPE) and the mean absolute percentage error (MAPE). 496 
ME, MPE, MAE, MAPE, and RMSE can be computed as follows: 497 

ME = 1
𝑁𝑁
∑ (𝐸𝐸𝑖𝑖 − 𝑀𝑀𝑖𝑖)𝑁𝑁
𝑖𝑖=1 , and MPE = 1

𝑁𝑁
∑ �𝐸𝐸𝑖𝑖−𝑀𝑀𝑖𝑖

𝑀𝑀𝑖𝑖
�𝑁𝑁

𝑖𝑖=1 × 100     [1] 498 

MAE = 1
𝑁𝑁
∑ |𝐸𝐸𝑖𝑖 − 𝑀𝑀𝑖𝑖|N
i=1 , and MAPE = 1

𝑁𝑁
∑ �|𝐸𝐸𝑖𝑖−𝑀𝑀𝑖𝑖|

𝑀𝑀𝑖𝑖
�𝑁𝑁

𝑖𝑖=1 × 100    [2] 499 

RMSE = �1
𝑁𝑁
∑ (𝐸𝐸𝑖𝑖 − 𝑀𝑀𝑖𝑖)2𝑁𝑁
𝑖𝑖=1           [3] 500 

Values closer to 0 of metrics in Equations [1] to [3] indicate better performance. To 501 
compute S, the RMSE is generally minimized, and values closer to 1 indicate better per- 502 
formance. MAE, MAPE, and RMSE give an idea of the accuracy of the estimations, while 503 
ME and MPE reveal a general bias, with positive values indicating overestimation and 504 
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negative values underestimation. In some studies, the median (Md) instead of the mean 505 
is used in Equation [2] to compute the median absolute percentage error (MdAPE; [52], to 506 
reduce the impact of outliers in the metric result. When the evaluated parameters expand 507 
within several orders of magnitude (e.g., Chl a), log-transformed metrics might be more 508 
appropriate. Among these types of metrics are the root mean squared log-difference 509 
(RMSLE; Equation [4]), and the versions of ME, MPE, MAE, and MAPE computed in log- 510 
space, as shown in the example of Equation [5] for MAE. 511 

RMSLE = �1
𝑁𝑁
∑ �𝑙𝑙𝑙𝑙𝑙𝑙10(𝐸𝐸𝑖𝑖) − 𝑙𝑙𝑙𝑙𝑙𝑙10(𝑀𝑀𝑖𝑖)�

2𝑁𝑁
𝑖𝑖=1        [4] 512 

MAElog−space = 10𝑌𝑌, where 𝑌𝑌 = 1
𝑁𝑁
∑ |𝑙𝑙𝑙𝑙𝑙𝑙10(𝐸𝐸𝑖𝑖) − 𝑙𝑙𝑙𝑙𝑙𝑙10(𝑀𝑀𝑖𝑖)|𝑁𝑁
𝑖𝑖=1     [5] 513 

In addition, a recent study [53] recommends the median symmetric accuracy (𝜁𝜁) and 514 
the signed systematic percentage bias (SSPB) as robust and resistant metrics to evaluate 515 
performance; they can be computed as: 516 

𝜁𝜁 = [𝑒𝑒𝑋𝑋 − 1] × 100, where 𝑋𝑋 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ��𝑙𝑙𝑙𝑙𝑙𝑙𝑒𝑒 �
𝐸𝐸𝑖𝑖
𝑀𝑀𝑖𝑖
���     [6] 517 

SSPB = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑋𝑋) × 𝜁𝜁           [7] 518 

Metrics 𝜁𝜁 and SSPB equally penalize over- and under-estimations, and they mitigate 519 
the effects of outliers while still maintaining interpretability, as they are both reported as 520 
a percentage [53]. Nevertheless, metrics in Equations [1] through [5] have been widely 521 
used in previous works (e.g., [54,55]) and might be necessary to compute if comparability 522 
is desired. 523 

 524 



Remote Sens. 2025, 17, x FOR PEER REVIEW 15 of 39 
 

 

Figure 1. Schematic diagram of inputs for bio-optical models and algorithms to obtain water quality 525 
parameters from satellite remote sensing: optical satellite sensor measurements are dependent on 526 
in-water inherent optical properties (IOPs), illumination conditions, and atmospheric and other con- 527 
tributions (e.g., adjacency effects, sun glint, and reflected sky radiance). Water apparent optical 528 
properties (AOPs), and particularly remote sensing reflectance (Rrs), depend on in-water IOPs and 529 
the illumination conditions. Bio-optical models and algorithms can relate water quality attributes to 530 
IOPs or AOPs. More indirect derivations, which often involve statistical relationships, are indicated 531 
with dashed arrows. a, absorption coefficient; b, scattering coefficient; Chl a, chlorophyll a; SPM, 532 
suspended particulate matter; CDOM, chromophoric dissolved organic matter; PCC, phytoplank- 533 
ton community composition; DOC, dissolved organic carbon. 534 

3. Outstanding Validation Gaps 535 

Much work has been done to develop remote sensing models for water quality pa- 536 
rameters in inland and coastal waters, including Chl a, turbidity, CDOM, and Kd (e.g., [56- 537 
67]), however, this work is still on-going, as many of the current models are developed for 538 
limited geographical areas or water types. Therefore, it is important to expand the capa- 539 
bilities to characterize all optically active water constituents to fully understand the dy- 540 
namics of aquatic systems and their associated reflectance spectra. Ideally, in situ meas- 541 
urements for the characterization of an aquatic system will include quantifying IOPs, di- 542 
rect measurements of water quality parameters, including measurements of phytoplank- 543 
ton pigments, nutrients, contaminants, and analyzing PCC. 544 

The ongoing challenge for bio-optical model development in coastal and inland wa- 545 
ter bodies is the limited number of matched data pairs of water reflectance and other field 546 
data. These measurements are necessary to understand the optical complexity of the fresh- 547 
water and coastal systems, and to develop improved bio-optical models. The following 548 
sections detail the outstanding validation gaps of different parameters (Section 3.2), the 549 
remaining challenges to transition from open ocean to inland and coastal water validation 550 
protocols (Section 3.3), the limitations of field sensor technologies to measure less targeted 551 
products – particularly IOPs – in optically complex waters (Section 3.4), and the current 552 
validation gaps in terms of parameters, geography, and user engagement (Section 3.5). 553 

3.1. Validation gaps for Rrs and water quality parameters 554 

Validation of satellite-derived products (e.g., water quality parameters) with field 555 
data is critical to support the use of current and upcoming satellite missions for scientific 556 
studies and water quality management. Because many bio-optical models and algorithms 557 
are developed using the relationship between satellite-based measurements of Rrs and 558 
field measurements, their calibration and validation depend on both high-quality meas- 559 
urements of Rrs from satellites and high-quality field measurements. This section describes 560 
current validation needs, specifically the requirements for reliable field and laboratory 561 
measurements of AOPs, IOPs, and associated parameters within the water column (Fig- 562 
ure 1). We focus on Rrs, water clarity (Secchi depth and Kd at 490 nm (Kd(490)), turbidity, 563 
SPM, Chl a, and aCDOM. Field measurements needs of Rrs and these parameters for valida- 564 
tion can differ, as detailed below in Sections 3.1.1 and 3.1.2.  565 

3.1.1. Remote sensing reflectance (Rrs) 566 

The primary field measurement method for calibration and validation of Rrs is above- 567 
or in-water radiometry (henceforth radiometry). Efforts have been made to develop radi- 568 
ometric networks (e.g., Aerosol Robotic Network – Ocean Color (AERONET-OC), HY- 569 
PERNETS) that support calibration and validation of satellite-based Rrs measurements 570 
(e.g., [68-70]). Furthermore, advances in sensor technology have resulted in wider availa- 571 
bility of instruments (Table S2), enabling research groups to include these measurements 572 
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in the suite of field parameters collected during field campaigns. However, limitations in 573 
cost, computing capability, and technical expertise still exist, leading to gaps in the avail- 574 
ability of radiometric datasets (see Section 3.4.2).  575 

In addition, ensuring that radiometric field measurements are obtained under opti- 576 
mal conditions continues to be challenging in coastal and inland waters. Considerations 577 
include spatiotemporal variability in illumination conditions, optical variability of the wa- 578 
ter bodies of interest, and atmospheric conditions. As such, radiometric validation data 579 
should capture: 1) different solar zenith and azimuthal angles encountered at different 580 
times of the year and/or latitudes; 2) optical variability representative of the diversity in 581 
environmental conditions within or across waterbodies; and 3) observations across differ- 582 
ent atmospheric states and aerosol influences, under varying degrees of adjacency effects. 583 
The sampling approach thus depends on the application, waterbodies of interest, and 584 
specifications of the satellite sensor(s) to be used. 585 

Data quality can be ensured by following standard operating procedures (e.g., [70]) 586 
and maintaining optimal viewing geometries [39]. Planning sampling times to be near- 587 
coincident with the satellite overpass is encouraged. Recent studies focusing on inland or 588 
coastal waters have used matchup windows of 3 hours before or after the satellite over- 589 
pass [48,70–73], while others selected a larger window for inland waters, often 24 hours 590 
before or after the satellite overpass [74,75]. To select a reasonable temporal window, it is 591 
critical to consider the spatiotemporal dynamics in the validation location for a given sys- 592 
tem and season (see Section 3.2). 593 

Furthermore, factors affecting uncertainty in radiometric field measurements should 594 
be recorded and considered. Naturally occurring changes in water constituents and illu- 595 
mination conditions can be accounted for in the in situ data by replicating measurements 596 
over a short period of time (in the scale of minutes, e.g., [76,77]). Systematic errors (biases) 597 
may be introduced by the sensors themselves and can be reduced by ensuring proper 598 
sensor set-up, and routine calibration and cleaning of the fore optics [38]. Basic statistics 599 
about the data, including mean, standard deviation, percentiles, and number of samples, 600 
should be reported [78]. In addition, the following ancillary data should be reported: 1) 601 
changing illumination conditions reported as cloud fraction, information on viewing ge- 602 
ometry, and, optionally, photos of the sky in the cardinal directions; 2) potential for bot- 603 
tom reflectance based on the first optical or Secchi depth and water depth; 3) distance 604 
from shore to assess adjacency effects [79]; see also Section 3.2.2); 4) sea state (wave height; 605 
surface roughness) estimated in the field or through the wind speed [80]; and 5) instru- 606 
ment self-shading [81,82] and shading and reflectance from the deployment platform 607 
[83,84]. 608 

Practical steps include advancing the understanding of the advantages and disad- 609 
vantages of different systems and sensor set-ups for inland and coastal waters, hands-on 610 
training on sensor set-up and data acquisition, and tutorial of different data processing 611 
options and uncertainty measures. One current joint effort between EUMETSAT, NASA, 612 
and ESA is developing the Community Processor for above-water in situ data processing 613 
and uncertainty budget calculation [85] that will help the community in systematically 614 
processing hyperspectral above-water radiometry with traceable and quantifiable uncer- 615 
tainties. Easy and practical ways to check the calibration of sensors in the field can help 616 
identify instrument issues during data collection. More information and studies of the se- 617 
verity of the impacts of known issues (e.g., adjacency effects, shading, and reflectance 618 
from the deployment platform) on radiometric measurements in inland and coastal water 619 
settings and associated satellite sensors (as opposed to oceanic settings and ocean color 620 
satellite sensors) can help minimize them. Moreover, characterizing the influence of and 621 
developing corrections for illumination conditions and viewing geometries, such as the 622 
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sun glint correction [86,87], on the reflectance of optically complex waters can help im- 623 
prove satellite retrievals for satellite remote sensing. 624 

3.1.2. Water quality parameters 625 

Validation data of water quality parameters should cover the typical range of envi- 626 
ronmental variability of the water bodies of interest, both in terms of optical and biogeo- 627 
chemical characteristics that could affect satellite-based bio-optical models. For example, 628 
Chl a quantification from reflectance spectra can vary according to the composition of the 629 
algal community (e.g., differences in pigment composition and pigment packaging de- 630 
pending on the taxonomic group) [88]. Similarly, the composition and size distribution of 631 
particles in the water can affect the scattering and absorption of light and, consequently, 632 
the estimations of turbidity and SPM from reflectance spectra. Practically, these naturally 633 
occurring variabilities can be considered in validation datasets through: 1) the collection 634 
of data from a variety of environments and waterbodies for global validations (e.g., 635 
[54,55,89]), or 2) capturing the seasonal and inter-annual variabilities within or across wa- 636 
terbodies for regional validations [57,90,91]. Greater environmental variability in meas- 637 
urements in the dataset used for calibrating and validating bio-optical models leads to 638 
more robust performance across different environmental conditions, and a better charac- 639 
terization of uncertainty. The interactions between individual water quality attributes 640 
should also be considered for satellite retrievals, especially for regional assessments in 641 
highly complex and dynamic waterbodies (e.g., [92,93]). This means that simultaneous 642 
measurements of several water quality attributes might be necessary for robust validation 643 
of a given bio-optical model or algorithm. 644 

For all parameters, it is essential to report the specifics of the methodological ap- 645 
proach (either in situ or laboratory analysis) to characterize the uncertainty associated 646 
with it [94]. For in situ sensors, including the manufacturer and model is desirable, as in 647 
situ sensor measurements can vary depending on manufacturer, calibration, and upkeep 648 
schedules (e.g., [95]). Further, an established protocol should be followed when possible 649 
and reported in the metadata. With this information, measurements that are not useful for 650 
specific studies are easier to find and discard if the measurement approach affects water 651 
quality attribute intercomparisons across different datasets.  652 

One source of uncertainty derives from environmental variability and can be esti- 653 
mated from consecutive field measurements or samples over a relatively short time. Alt- 654 
hough this does not give any information regarding systematic errors (biases) (e.g., errors 655 
due to sensor calibration issues in fluorometry), replicate field measurements or sample 656 
results should be quantified and reported with average values and standard deviations or 657 
percentiles. The representativeness of these uncertainty estimations for the comparison 658 
with satellite retrievals will depend mainly on the pixel size [96] and time lag with the 659 
satellite imagery acquisition [97], and they should be considered when creating validation 660 
datasets. 661 

In addition to the general considerations for recording and reporting ancillary infor- 662 
mation, there are considerations specific to the water quality parameter being measured. 663 
For example, when using fluorometry or spectrophotometry to measure Chl a, a correc- 664 
tion may need to be made for pheophytin (see EPA methods 445.0 and 446.0 for details, 665 
[98,99]). Moreover, in vivo fluorometry of Chl a is susceptible to two major interferences 666 
which can introduce biases (e.g., [100]): 1) non-photochemical quenching (NPQ), which is 667 
a phenomenon by which algal fluorescence is reduced following exposure to light, and 2) 668 
inadvertent excitation of CDOM. Field fluorometry is also susceptible to the interference 669 
of suspended sediments (e.g., [101]). In the case of submerged optical sensors (e.g., turbi- 670 
dimeters, fluorometers), the potential interference with other instruments or the deploy- 671 
ment structure should be evaluated and avoided. When filtering is required for laboratory 672 
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measurements (e.g., SPM, CDOM), particular care should be taken regarding an appro- 673 
priate pore-sized filter, especially when developing bio-optical models based on IOPs, to 674 
minimize the gap between dissolved substances and particles, as colloids may have a non- 675 
negligible contribution to scattering [102]. For Secchi depth, changing light conditions and 676 
the observer’s position relative to the sun can affect the measurements.  677 

Some practical steps are similar to the ones already described for Rrs, including the 678 
development of standard operating procedures to account for uncertainty and environ- 679 
mental variability, more information and studies on the severity of the impacts of known 680 
issues on water quality attribute retrievals for inland and coastal waters, and hands-on 681 
training for water quality professionals and volunteers to expand data collection. Given 682 
that field fluorometry is generally a more cost-effective and convenient way to collect data 683 
for Chl a, accessory algal pigments, and CDOM, the development of correction guides of 684 
known interferences for different commercial fluorometers (typically used in inland and 685 
coastal waters) would help to significantly improve the reliability of data to validate these 686 
water quality attributes. Moreover, guides on how to perform robust site-specific calibra- 687 
tions (e.g., for conversion from Chl a fluorescence to concentration) would be helpful, con- 688 
sidering laboratory analysis error as well in the overall algorithm error budget (e.g., 689 
[103,104]). 690 

Finally, we identify further study into the effects of particle size (algal and non-algal), 691 
composition of dissolved and particulate matter, and PCC and pigments on the absorp- 692 
tion and scattering properties of water (i.e., on the IOPs) to better understand their effects 693 
on aquatic reflectance, and consequently, on satellite retrievals of both Rrs and water qual- 694 
ity attributes associated with optically significant constituents.  695 

3.2. From open ocean to inland and coastal water validation protocols 696 

Open ocean validation protocols have provided a strong foundation for validation 697 
efforts in inland and coastal waters (e.g., suitable validation angles and cloud cover prac- 698 
tices, guidance for satellite pixel and field measurement matchup criteria) (e.g. [105]). 699 
However, not all aspects of these protocols are applicable due to unique challenges in 700 
these systems and practical limitations (e.g., research vessels, infrastructure). Some adap- 701 
tations are required for inland and coastal water validations. The following sections de- 702 
scribe aspects of open ocean validation protocols that do not apply to inland and coastal 703 
waters, their limitations, and potential solutions. 704 

3.2.1. Time window 705 

Open ocean validation protocols offer a wide range of time windows to achieve co- 706 
incident in situ measurements. Typically, ships-of-opportunity try to sample data near 707 
satellite overpass time, but exact temporal coincidence is not always possible as there is 708 
variability between the overpass time of different sensors (e.g., Moderate Resolution Im- 709 
aging Spectroradiometer Terra (MODIS-Terra) is AM, and MODIS-Aqua is PM). The se- 710 
lected time window can range from 0.5 hour [106] to 24 hours before or after satellite over- 711 
pass [75]; there are even some protocols that do not have time constraints [107]. The most 712 
common time window is 3 hours before or after satellite overpass for open ocean environ- 713 
ments [48]. These time frames aim to balance the number of matchups that can be taken 714 
and the comparability between in situ and satellite data [48]. 715 

In open ocean environments, changes in biogeochemical gradients tend to happen 716 
slowly over tens of kilometers (km). Slow gradients, coupled with generally slow current 717 
speeds in the open ocean (10-2 meters per second), suggest that reliable matchups can be 718 
achieved hours away from the time of overpass. 719 

Inland and coastal waters are often a dynamic mosaic of optical constituents, with 720 
significant spatiotemporal variability due to river inputs, tides, and other local forcing 721 
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that can result in large biogeochemical gradients over short spatiotemporal windows. 722 
River inputs cause flushing and are themselves highly variable. The flushing moves water 723 
away from the mouth of the river, leading to mismatches in validation. The variability of 724 
river flow means that there is potential for new material to arrive between sampling and 725 
the satellite overpass, such as new vegetation that is floating downriver [108]. Similarly, 726 
regions with large tidal ranges have corresponding large currents, between 2 to 5 km/hour 727 
[109]. These currents can create substantial mismatches between observed remote sensing 728 
and in situ constituents over short time windows. Spatial variability of the system means 729 
movements can have an exaggerated effect on mismatches in the system. Validation pro- 730 
tocols should be adjusted so that the high frequency spatial fluctuation in inland and 731 
coastal waters is accounted for in the provided time window. The difficulty here is bal- 732 
ancing the time window with what is reasonable for sampling, being also important to 733 
identify conditions when a larger time window could be applied to increase the number 734 
of matchups [110]. Previous work looking at the effect of the time window notes that, for 735 
coastal validation, a time window closer to 0.5 hour before or after satellite overpass might 736 
be more appropriate [97,111]. On the other hand, [110] found that an expansion of the time 737 
window of up to 5 days before or after satellite overpass could be used for Secchi depth 738 
validation in some lakes and reservoirs. Besides these general references, we identified 739 
several factors that are important to consider when selecting the time window: tidal range 740 
(coastal waters) or mean residence time (inland waters), river discharge, current speeds, 741 
spatial variability, accessibility, and spatial resolution of the satellite sensor of interest. In 742 
addition, knowledge of the ecosystem functioning may help achieve the most optimal 743 
sampling for a given aquatic system [94]. 744 

3.2.2. Averaging and multi-pixel analysis 745 

In open ocean validation protocols, it is common practice to average a box of 9 (3x3) 746 
or 25 (5x5) pixels around the target pixel. This allows for statistics, such as the coefficient 747 
of variation, on the parameter of interest (e.g., Chl a or Rrs) to ensure that no stray light 748 
from cloud edges, sun glint, or other artifacts are affecting the target pixel [96], and to 749 
verify that the validation region is quasi-homogeneous, to take into account errors in ge- 750 
ocoding [48]. This works well in open ocean regions for the same reason that the large 751 
time frame works well: relatively homogenous and slow-moving waters. 752 

The core assumption that nearby pixels are approximately the same as the central 753 
pixel can be invalid in inland and coastal waters for several reasons. For instance, a pixel 754 
could have land in its neighboring pixels, there are often sharp gradients in optical con- 755 
stituents from river outflows or tidally mixed areas, and the loss of spatial resolution in 756 
inland and coastal waters makes it more difficult to validate water regions that are of hu- 757 
man interest. As a general rule, if 3x3 or 5x5 statistics are calculated, it is crucial to ensure 758 
the regions are nearly homogenous so that the comparison is between similar pixels [112]. 759 
Replicates of in situ measurements and samples are another approach to increase statisti- 760 
cal confidence, as detailed in Section 3.2, to account for and report uncertainties. In addi- 761 
tion, some recent studies have started to provide some guidance regarding the effects of 762 
spatial aggregation in the validation of remote sensing data products in lakes and reser- 763 
voirs [110], and the spatial scales that are appropriate to adequately characterize the var- 764 
iability of Rrs [113] or HABs [114] in certain water bodies. These types of studies are lacking 765 
across different waterbodies and for diverse water quality parameters of interest and are 766 
gaps in knowledge that can better inform remote sensing validation efforts.  767 

3.2.3. Atmospheric correction 768 

Open ocean validation protocols typically assume that aerosols fall on a continuous 769 
gradient and that the ocean is optically “black” at near infrared (NIR) bands (e.g., 750 nm 770 
or 865 nm). The use of the 700 nm black assumption simplifies estimating the aerosol 771 
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optical thickness by subtracting the NIR band from the rest of the spectrum to remove the 772 
atmosphere [115]. This correction method with low spatial resolution is effective for open 773 
ocean validation because the atmosphere is typically homogeneous at that scale in open 774 
ocean environments. 775 

In inland and coastal waters, the oceanic atmospheric correction methods often per- 776 
form poorly because NIR reflectance is not zero, and there are point sources that alter the 777 
atmospheric makeup. The NIR in inland and coastal waters is affected by suspended min- 778 
eral particles and other optical constituents; thus, there is a non-zero NIR signal from 779 
coastal waters [116]. Atmospheric correction methods that utilize shortwave infrared 780 
(SWIR) bands can be more robust in optically complex waters [117–119], offering an im- 781 
provement for inland and coastal waters; however, not all imaging sensors carry SWIR 782 
channels. For sensors that only have the NIR bands for atmospheric correction, one can 783 
use the NIR reflectance models for estimation of the NIR reflectance contributions over 784 
coastal and inland waters (Ruddick et al., 2000, Siegal et al., 2000, Bailey et al, 2010, Wang 785 
et al., 2012). 786 

Applying a correction assuming uniform atmospheric conditions across an image or 787 
scene in open ocean environments is often useful. However, this might not work in inland 788 
and coastal waters close to human settlements, which act as point sources for changes in 789 
atmospheric makeup and optical thickness [120]. Methods that subset the scene to account 790 
for variability in atmospheric corrections might be more appropriate for these types of 791 
waters (e.g., [72,121]).  792 

3.2.4. Light assumptions 793 

In the open ocean, validation protocols deal with clouds and glint by masking. Many 794 
methods extend the mask by one or two pixels to remove pixels contaminated by clouds 795 
or a nearby bright body such as high glint, or sea ice [122,123]. There are other methods 796 
that make a correction for the bright body or clouds such that you can go from unaffected 797 
to affected and remove a gradient of light. This works well with the assumption that the 798 
underlying pixels are approximately the same. 799 

Remote sensing in inland and coastal environments is frequently impacted by adja- 800 
cency effects, optically shallow waters (i.e., where light reflected from the bottom contrib- 801 
ute to Rrs), and mixed/contaminated pixels, as detailed in Bulgarelli and Zibordi 2018 [79]. 802 
They suggest collecting in situ data at least 5 nautical miles (~9 km) from the shore to avoid 803 
adjacency effects for ocean color validation; however, this is often neither possible nor 804 
practical for inland and coastal waters [124]. Moreover, modeling efforts show that signif- 805 
icant adjacency effects can be seen up to 36 km offshore. These adjacency effects are up to 806 
30% of the water signal within a few kilometers of the shore for land that is white sand 807 
and snow [79]. While these pixels can be masked, this approach often removes regions of 808 
interest. In particular, expanded masking to remove adjacency effects by two pixels pre- 809 
vents validation in many inland and coastal water bodies.  810 

There is no single answer for addressing these issues, as they are highly dependent 811 
on the spatial resolution of the remote sensor and on the extent of the water body of inter- 812 
est. For example, sensors with spatial resolution in the order of 1 km (e.g., MODIS-Aqua, 813 
Visible Infrared Imaging Radiometer Suite (VIIRS)) are inappropriate for observing tidal 814 
channels, as a result, the information lost when masking will be less impactful. On the 815 
other hand, when using data from sensors with spatial resolutions on the order of 10 – 30 816 
meters (e.g. Landsat 8/9 – Operational Land Imager (OLI) and OLI-2, Sentinel 2-Multi- 817 
spectral Imager (MSI)), masking would prevent the observation of tidal channels, which 818 
would otherwise be visible. Most contemporary atmospheric correction models have been 819 
developed using radiative transfer models that make no assumptions about adjacency ef- 820 
fects. However, this does not mean that alternative radiative transfer modeling tools could 821 



Remote Sens. 2025, 17, x FOR PEER REVIEW 21 of 39 
 

 

not be employed to develop atmospheric corrections that implicitly account for straylight 822 
from land adjacent pixels. Recent efforts have been made to include physics-based correc- 823 
tions for adjacency effects [125]. Thus, the development of validation data sets impacted 824 
by adjacency would be beneficial so that these types of tools can be further improved to 825 
address the issue.  826 

3.2.5. Case 1 vs Case 2 assumptions 827 

In open ocean environments, variability in the Rrs signal is assumed to be driven 828 
mainly by phytoplankton biomass and covarying CDOM and NAP components. This was 829 
first described by Morel and Prieur 1977 [126] as “Case 1” waters, where the optical prop- 830 
erties of the water are attributed to phytoplankton, associated products, and the water 831 
itself. Open ocean systems are typically less optically complex because they are largely 832 
controlled by the one factor. For this reason, open ocean validation protocols often only 833 
ask for pigment analysis, often high-performance liquid chromatography (HPLC), along- 834 
side IOPs and AOPs [97]. 835 

The open ocean assumption that the Rrs signal is driven by phytoplankton biomass is 836 
often invalid for inland and coastal waters (i.e. “Case 2” waters). Suspended sediments, 837 
CDOM, and pollutants, such as oil [127], agricultural runoff, and optically shallow condi- 838 
tions add considerable complexity to developing validation protocols for inland and 839 
coastal waters. The presence of any of these can act as a mask for the others, as at high 840 
concentrations their signals will dominate Rrs [128], making it difficult to distinguish other 841 
biogeochemical variables of interest in Rrs spectra [129]. Therefore, when sampling inland 842 
and coastal systems it is important to measure at least the three major optically active 843 
constituents: Chl a, SPM, and CDOM [130]. Measuring IOPs is also desirable (Section 844 
3.1.2).  845 

3.3. In situ sensor technologies for less targeted products 846 

Validation of water quality parameters for inland and coastal waters represents a 847 
substantial technical challenge as existing measurement platforms, sensor technologies, 848 
and protocols have typically been developed for clearer oceanic waters. Compared to the 849 
marine environment, inland and coastal waters are often turbid, with high concentrations 850 
of scattering particles and strongly absorbing materials. In addition, concentrations of op- 851 
tically active constituents are often several orders of magnitude higher than in oceanic 852 
waters. Contemporary sensor technologies and deployment platforms are not always 853 
well-suited for inland and coastal waters, challenging the measurements of various pa- 854 
rameters of interest, IOPs being among them. 855 

3.3.1. Absorption 856 

Traditional (laboratory) methods for measuring the spectral absorption coefficients 857 
from water samples can be labor intensive, require specialized laboratory equipment, and 858 
provide only a snapshot in time of what, for inland/coastal waters, can be highly dynamic 859 
systems. An alternative to discrete sampling is using in situ sensor technology that logs 860 
measurements continuously, such as ac-meters (Table S1). This can help characterize di- 861 
urnal variability and capture rare ephemeral events. 862 

Although ac-meters have been used by the oceanographic community for over 25 863 
years, using ac-meters in optically complex waters has two challenges: 1) the pathlength 864 
of the flow tubes (nominally 25 centimeters (cm)) can be too long for highly attenuating 865 
mediums resulting in low signal-to-noise and 2) the scattering error correction [131]. Data 866 
must also be corrected for variations in pure water absorption due to temperature and 867 
salinity effects [132]. For challenge 1): while ac-meters can be manufactured with shorter 868 
flow tubes (e.g., 10 cm) to improve the signal, this still may not be short enough for highly 869 
turbid waters [133]. For challenge 2): the scattering error correction is less straightforward. 870 
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The quartz sleeve of the ac-meter’s absorption tube is surrounded by an air gap, which 871 
aims to achieve total internal reflection and redirect photons scattered out of the beam 872 
path towards the detector [134]. However, a portion of photons scattered at larger angles 873 
(41-180°) are not redirected towards the detector and can lead to an overestimation of the 874 
absorption coefficient [131]. To address this, various scattering corrections have been pro- 875 
posed [131,135,136]. An intercomparison study by Stockley et al. 2017 [137] found that 876 
scattering corrections that use knowledge of the particulate backscattering coefficient (bbp) 877 
(e.g., [138] or the VSF (e.g., [137] are effective in optically complex waters, however, these 878 
approaches are contingent upon coincident measurements of bbp or the VSF at relevant 879 
wavelengths. A more recent intercomparison study by Kostakis et al. 2021 [133] has shown 880 
that significant residual errors can remain regardless of the correction method used. 881 

Another approach to improve in situ absorption measurements is to utilize a flow- 882 
through point source ICAM (Table S1 for examples), which by design do not have the 883 
same scattering error as ac-meters [139,140]. However, sensors of this nature are not as 884 
popular; their calibration using a liquid dye is cumbersome and their performance is not 885 
always comparable to benchtop ICAM sensors [133]. 886 

3.3.2. Backscattering 887 

The spectral particulate backscattering coefficient, bbp(𝜆𝜆), expressed in units of m-1, is 888 
derived from measurements of the volume scattering function (VSF, or 𝛽𝛽(𝜃𝜃, 𝜆𝜆), where 𝜃𝜃 is 889 
the scattering angle ranging from 0-180°). Values of bbp(𝜆𝜆) can be derived from instruments 890 
that characterize 𝛽𝛽(𝜃𝜃, 𝜆𝜆) in units of m-1 sr-1 [141,142] by first calculating the angular partic- 891 
ulate volume scattering function, 𝛽𝛽p(𝜃𝜃, 𝜆𝜆), and integrating this over the backwards direc- 892 
tion (90-180°). Examples of commercially available sensors capable of making this meas- 893 
urement are listed in Table S1. These sensors may require modeling to estimate bbp(𝜆𝜆) 894 
[143,144]. 895 

Multispectral bbp(𝜆𝜆) measurements are more routinely recorded in situ using fixed 896 
angle VSF-meters [34]. Fixed angle VSF-meters measure 𝛽𝛽(𝜃𝜃) at a single scattering angle; 897 
then use assumptions about the shape of the particulate VSF and seawater VSF to derive 898 
bbp(𝜆𝜆) [145–147]. The relationship to convert 𝛽𝛽(𝜃𝜃) to bbp relies on a non-dimensional con- 899 
version factor (𝜒𝜒(𝜃𝜃)), which is treated as independent of wavelength but dependent on 900 
scattering angle, with reported values of 1.1 and 1.08 for scattering angles of 117° and 140°, 901 
respectively [34,145]. While much research has focused on marine particle assemblages, 902 
the work by Chami et al. 2006 [148] suggested that 𝜒𝜒(𝜃𝜃) not only exhibits spectral depend- 903 
ence but may deviate from typical values under monospecific bloom conditions, which 904 
are known to be expected in freshwater systems [149,150]. Thus, while under non-bloom 905 
conditions existing values of 𝜒𝜒(𝜃𝜃) are likely acceptable, 𝜒𝜒(𝜃𝜃) values for bloom events re- 906 
quire further research and more routine measurements of 𝛽𝛽p(𝜃𝜃, 𝜆𝜆). 907 

It is known that commonly used backscattering sensors that have fixed gains tuned 908 
for oceanic waters (Table S1) are prone to signal saturation in highly scattering mediums 909 
[151,152]. To address this concern, novel sampling strategies have been proposed that uti- 910 
lize serial dilutions of in situ samples, or rely on a benchtop nephelometer [152,153]. While 911 
these approaches show promise, field water samples (several liters for a dilution method) 912 
must be collected and transported to the laboratory for analysis. This approach may be 913 
suitable in some instances but may pose logistical challenges and impact temporal fre- 914 
quency of data. Sensors that can adjust their gain (i.e., their sensitivity or amplification 915 
level) are more likely to not saturate. Thus, thought must be given to the dynamic range 916 
requirements and the sensor capabilities, which should be carefully considered and dis- 917 
cussed with the manufacturer. 918 

An additional caveat of fixed-angle VSF-meters is applying a suitable correction to 919 
account for photons that are lost due to absorption and scattering along the pathlength 920 
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from the source to the detection volume, and then back to the detector. Without this cor- 921 
rection, measurements of 𝛽𝛽(𝜃𝜃, 𝜆𝜆), and hence bbp(𝜆𝜆), will likely be underestimated. For sen- 922 
sors with short pathlengths, the recommended pathlength attenuation correction factor is 923 
a function of the total non-water absorption coefficient, anw(𝜆𝜆) [154]. Whereas for sensors 924 
with larger dimensions and longer path lengths, the correction applied is a function of 925 
anw(𝜆𝜆) and the non-water scattering coefficient, bnw(𝜆𝜆) [155]. 926 

A modeling study by Doxaran et al. 2016 [151] indicated that relatively short path 927 
lengths are more suitable for turbid waters, notwithstanding sensor saturation concerns, 928 
and suggested a revised version of the manufacturer’s pathlength correction. Doxaran et 929 
al. 2016 [151] also proposed an improved correction for HOBI HydroScat instruments 930 
based on anw(𝜆𝜆) and bbp(𝜆𝜆) itself. This iterative correction was shown to be effective using 931 
IOPs and AOPs collected in optically complex waters of the Río de la Plata (South Amer- 932 
ica) and Bay of Bourgneuf (France). A pathlength correction for more recent sensors  in 933 
highly turbid waters is not available at the moment, however, a suitable approach would 934 
likely follow those of Doxaran et al. 2016 [151]. 935 

Existing in situ bbp(𝜆𝜆) measurements require coincident measurements of anw(𝜆𝜆) from 936 
an ac-meter, which, in turn, requires coincident temperature and salinity data. Thus, de- 937 
ploying three instruments as a collective package (fixed-angle VSF, ac-meter, and temper- 938 
ature-salinity sensor) would be ideal to ensure all necessary data corrections that can be 939 
applied during data processing. The situation may become somewhat more complex if 940 
one opts to perform ac-meter scattering corrections that require coincident bbp(𝜆𝜆) and/or 941 
𝛽𝛽(𝜃𝜃, 𝜆𝜆) data, which would require an iterative approach to processing data. 942 

Given the challenges described above to make in situ measurements of IOPs, a clo- 943 
sure experiment can be performed by adding simultaneous in situ measurements of Rrs 944 
and relying on radiative transfer modeling. Using radiative transfer code (e.g., Numerical 945 
Optics HydroLight), it is possible to simulate Rrs using the measured IOPs and illumina- 946 
tion conditions as inputs, and then compare it with the in situ measured Rrs spectra. 947 

3.4. Current validation gaps 948 

3.4.1. General trends 949 

A bibliometric analysis was performed using the Elsevier Scopus database of all pub- 950 
lications (published in 2022 and prior) to observe the general trends in validation studies 951 
over inland and coastal waters. The search was conducted based on the title, abstract, and 952 
keywords for the terms ‘remote sensing’, ‘water quality’, and ‘lake’ or ‘reservoir’ or ‘river’ 953 
or ‘estuary’ or ‘delta’ or ‘coastal’ or ‘inland’, and ‘validation’ or ‘evaluation.’ The results 954 
were filtered for journal papers only, and only the studies validating satellite products 955 
over inland and coastal waters were selected. This resulted in 363 articles with the first 956 
one published in 1986. The number of publications for all the years are illustrated in Fig- 957 
ure 2. It is important to note that no language filter was applied. The majority of articles 958 
are published in English (n=334), while other languages include Chinese (n=27), Portu- 959 
guese (n=3) and Russian (n=1). 960 
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Figure 2. Number of published journal papers (1986-2022) on remote sensing validation studies over 962 
inland, coastal and both types of study areas. 963 

The studies were conducted over 47 countries; however, a clear geographical discrep- 964 
ancy between them was observed. There are 34 countries with less than 5 studies, while 965 
the remaining 13 countries account for 81% of the total studies (Figure 3). Among the top 966 
13 countries, most studies are based in the United States and China (55%), which may 967 
indicate a lack of utilization of remote sensing data outside of those two countries. 968 

 969 

Figure 3. Number of inland and coastal waters remote sensing validation studies for selected coun- 970 
tries with greater than or equal to 5 publications. 971 

3.4.2. Gaps in parameters 972 

Historically, the widely used SeaBASS database has been primarily used to store oce- 973 
anic and coastal data, including data as far back as 1930. The most common parameters 974 
found in SeaBASS are total absorption coefficient, Rrs, as well as conductivity, tempera- 975 
ture, and depth (CTD) measurements. The least frequent parameters in SeaBASS are SPM, 976 
primary productivity, phycocyanin, and total scattering coefficient [156]. 977 



Remote Sens. 2025, 17, x FOR PEER REVIEW 25 of 39 
 

 

The main available database for inland waters is LIMNADES, which has approxi- 978 
mately 39,794 measurements taken from 3,547 stations that are available either through 979 
request or download as of this writing. Measurements stretch back nearly 30 years, with 980 
most being recorded between 2000 and 2023. The most common parameter within 981 
LIMNADES is Chl a concentration (44.9%), followed by total suspended solids (32.4%, 982 
same measurement previously referred to as SPM in the SeaBASS dataset), and Rrs (8.2%). 983 
Phycocyanin is the least common parameter (2.4%), followed by absorption coefficients 984 
for CDOM (aCDOM), phytoplankton (aphy), and non-algal particles (aNAP), with 4.5%, 4.2% 985 
and 3.3%, respectively. 986 

Considering that for satellite validation purposes, accurate measurements of Rrs are 987 
essential (Section 3.1), it was observed that there is a lack of this type of data, especially 988 
for inland waters (only 8.2% of the data within LIMNADES). Because of the scarcity of Rrs 989 
data in inland and coastal waters, a recent effort on collecting data from both SeaBASS 990 
and individual data contributors led to the GLObal Reflectance community dataset for 991 
Imaging and optical sensing of Aquatic environments (GLORIA), which includes over 992 
7,000 hyperspectral remote sensing reflectance measurements from both inland and 993 
coastal waters [78]. In contrast, for oceanic waters, Rrs is the most abundant validation data 994 
found on combined datasets from SeaBASS, AERONET-OC, AERONET-MAN, and 995 
MOBY, whereas IOPs (bbp, aCDOM, aNAP, and aphy), Kd (490), and Chl a are amongst the less 996 
available validation data. 997 

3.4.3. Geographic gaps 998 

While the data gaps from oceanic, coastal, and inland waters are different, there are 999 
also gaps in geographic range of data. Figure 4 shows the distribution of the data within 1000 
the GLORIA dataset (Figure 4A) and the parameters of calibration and validation data in 1001 
the SeaBASS, AERONET-OC, AERONET-MAN, and MOBY databases (Figure 4B). From 1002 
these maps, we observe that the eastern coast of the United States is extremely well stud- 1003 
ied, as well as most of the western coast of the United States and the coast of Europe. There 1004 
is a lack of data in the Indian Ocean, the Greenland Sea/Arctic Ocean, as well as the West- 1005 
ern Pacific, Antarctic Ocean and Southeastern Atlantic (Figure 4B). For inland and coastal 1006 
waters, most of the data comes from the eastern United States, western Europe, and a few 1007 
areas in China, Japan, Australia, and New Zealand (Figure 4A). We observe a clear lack 1008 
of data in the Global South, especially in Latin America, the Caribbean, and Africa, and in 1009 
boreal high northern latitudes. These maps highlight the opportunities for future studies 1010 
to support in conducting studies in these regions. 1011 
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Figure 4. A) Distribution of the data within the GLObal Reflectance community dataset for Imaging 1013 
and optical sensing of Aquatic environments (GLORIA) dataset; B) Relative density of SeaWiFS Bio- 1014 
optical Archive and Storage System (SeaBASS) archive measurements from 1930 to 2023 based on 1015 
location (shown on a 1-degree grid, provided by National Aeronautics and Space Administration 1016 
SeaBASS team). 1017 

 1018 
 1019 

3.4.4. User engagement gaps 1020 

A recent study about user engagement on the use of satellite data for water quality 1021 
management showed that most of the participants (40.5%) self-identified as beginners 1022 
with little understanding of satellite Earth observation, and 82.5% of the participants in- 1023 
dicated that training on the use of satellite-derived data is lacking [26]. These percentages 1024 
reflect the exponential growth (especially for inland waters) of the number of publications 1025 
and citations in the field [157], as well as the lack of training materials to support capacity 1026 
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building outside of the remote sensing community. There are existing training courses, 1027 
such as the IOCCG Summer Lecture Series and the University of Maine “Calibration & 1028 
Validation for Ocean Color Remote Sensing” (a.k.a. the Ocean Optics Class) [158]. How- 1029 
ever, these two training opportunities are focused on the academic public, are only avail- 1030 
able in English, only offered every other year, and have limited capacity. The NASA Ap- 1031 
plied Remote Sensing Training [159] provides courses in both English and Spanish, tar- 1032 
geting a diverse audience. It is important to provide training in different languages to 1033 
avoid creating barriers for non-native English speakers. For example, Ocean Optics lec- 1034 
tures and educational resources (e.g., [160-162]) could be translated into various lan- 1035 
guages for maximum reach and efficacy. While it may seem negligible, this advantage 1036 
could disproportionately affect researchers from lower socioeconomic backgrounds, 1037 
which is often associated with lower English proficiency [163]. In addition, protocols and 1038 
standard operating procedures should also be translated to other languages to promote 1039 
the dissemination of the content to more non-native English speaker users and ensure that 1040 
everyone can collect the highest quality data. 1041 

Besides training, including specifications regarding product’s development and tar- 1042 
geted applications can help users to better understand the variety of satellite-derived 1043 
products and increase trust. An example is the concept of Product Family Specifications 1044 
(PFS) developed by the Committee on Earth Observation Satellites (CEOS), which de- 1045 
scribes the steps taken for a product to be ready for immediate analysis, minimizes addi- 1046 
tional user effort, and are specific to the requirements of the data provider and user com- 1047 
munities (e.g., PFS for aquatic reflectance were developed in 2022, CEOS, 2024)). Accom- 1048 
panying user success stories can also improve end-user trust by providing examples of 1049 
applications of remote sensing products in a real-life context [27,165]. Furthermore, prod- 1050 
ucts co-developed and co-produced between scientists and end-users have been shown to 1051 
provide more usable and trusted outputs [166–168]. 1052 

Finally, there is a demand for the inclusion of alternative low-cost sensors to bridge 1053 
the technology research gap found in some countries, especially in the Global South [169]. 1054 

4. Research Opportunities 1055 

Throughout this paper we have described the current state of the science on the val- 1056 
idation of satellite-derived data for water quality studies and monitoring in inland and 1057 
coastal waters, focusing on the advances since the work of Mouw et al. 2015 [25] was pub- 1058 
lished. Furthermore, we described in situ sensor technologies and databases that are avail- 1059 
able for validation of satellite products in these complex waters. We identified outstand- 1060 
ing validation data that are still lacking to further exploit the potential of satellite sensors 1061 
to better understand and manage our global water resources. Several research opportuni- 1062 
ties emerge from these validation gaps, which are described below. Additional specific 1063 
considerations regarding validation of Rrs, water quality attributes, and less targeted prod- 1064 
ucts are provided in the Supplementary Materials. 1065 

4.1. Key Research Opportunities and Considerations 1066 

1. Increased validation studies in understudied regions 1067 
2. Development of validation educational resources that are both multilingual and writ- 1068 

ten for remote sensing experts and non-experts  1069 
3. Continued development of protocols for validation in inland and coastal waters  1070 
4. Communication of uncertainties and expectations related to field measurements and 1071 

satellite data products  1072 
5. Further research on specific validation issues for inland and coastal waters 1073 

 1074 
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Additional information on these key research opportunities is provided below: 1075 
 1076 
Validation in understudied regions 1077 

• Literature supports that 55% of validation studies are performed in the United States 1078 
and China. As such, there is limited global representation of validation studies, 1079 
which is probably linked to the lack of adequate training, lack of equipment, or dif- 1080 
ferent scientific priorities. Some regions are particularly underrepresented, including 1081 
Latin America, the Caribbean, and Africa. 1082 

 1083 

Educational resources 1084 

• Increase multilingual education of end-users so they can learn how satellite-derived 1085 
products were created and their potential applications and limitations. Educational 1086 
materials could include a variety of formats to account for differences in end-user 1087 
capabilities (remote sensing experts and non-experts).  1088 

• Improve multilingual hands-on training for water quality professionals and volun- 1089 
teers to expand data collection and support training on the use of satellite-derived 1090 
data for water quality management. 1091 
 1092 

Protocol development 1093 
• Translate protocols and standard operating procedures to languages other than Eng- 1094 

lish to promote the dissemination of the content. 1095 
• Consider specific characteristics (e.g. optically shallow waters) when developing 1096 

and/or adapting available (open ocean) protocols for measurements in inland and 1097 
coastal waters.  1098 

• Collect matched data pairs of in situ reflectance and water quality attributes to help 1099 
improve algorithm and model development, including the revision of implicit as- 1100 
sumptions of open ocean models that are often adapted to inland or coastal waters. 1101 

• Record and report validation measurement metadata in a standardized format, in- 1102 
cluding at least the following information: latitude, longitude, date/time, Secchi 1103 
depth, water depth, elevation, wind conditions, cloud cover, and water temperature. 1104 
It is also desirable to record the methods used for data collection and processing, 1105 
including sensor manufacturer and model when applicable.  1106 

• Consider the appropriate sampling time-windows before and after satellite data ac- 1107 
quisition for inland and coastal waters. The development of a time-window guide 1108 
considering different characteristics of the water bodies would be very useful when 1109 
designing validation sampling plans. Parameters that may be important to consider 1110 
when developing a time-window guide include: tidal range (coastal waters) or mean 1111 
residence time (inland waters); diurnal variability; spatial variability (homogeneous 1112 
or heterogeneous); spatial resolution of the satellite sensor; and sampling accessibil- 1113 
ity (e.g. Tables S4 and S5 of the Supplementary Materials). 1114 

• Develop standard operating procedures to account for uncertainty and environmen- 1115 
tal variability of measurements. This could include but is not limited to: replication 1116 
of measurements or samples over a short period of time (in the scale of minutes) to 1117 
reduce and account for random errors; and report, at least, simple uncertainty quan- 1118 
tifications, such as standard deviation, percentiles, and number of samples. 1119 
 1120 
Data uncertainty and expectations 1121 

• Clearly communicate uncertainties associated with both field measurements and sat- 1122 
ellite data products.  1123 
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• Identify the conditions or regions for which a satellite data product is expected to 1124 
perform well or poorly.  1125 

• Focus on understanding and defining which uncertainties are “acceptable” across 1126 
dynamic systems through improving the understanding of end-user needs. 1127 

 1128 
Knowledge Gaps 1129 

• Severity of the impacts of known issues (e.g., adjacency effects, shading and reflec- 1130 
tance from the deployment platform) on water quality attribute retrievals and radio- 1131 
metric measurements for inland and coastal waters. 1132 

• Atmospheric correction for coastal and inland waters, including: the validation of 1133 
available atmospheric correction procedures across varying atmospheric and water 1134 
column states to ensure robustness, the development of atmospheric corrections for 1135 
inland and coastal waters that implicitly account for straylight from land adjacent 1136 
pixels, and to this end, generating validation data sets impacted by adjacency effects 1137 
so that tools can be generated to further address the issue. 1138 

• Effects of particle size (algal and non-algal), composition of dissolved and particulate 1139 
matter, and algal community composition and pigments on the absorption and scat- 1140 
tering properties of inland and coastal water bodies (i.e., on the IOPs) to better un- 1141 
derstand their effects on aquatic reflectance. 1142 

• Improving in situ absorption and scattering sensor designs or developing corrections 1143 
for existing sensors that work well in highly attenuating/scattering mediums, which 1144 
are often common in inland/coastal waters and incorporate these measurements in 1145 
field campaigns. 1146 

• Characterization of known interferences and issues (e.g., NPQ, temperature quench- 1147 
ing, etc.) with in situ fluorometry-based sensors (e.g. Chl a, CDOM, accessory algal 1148 
pigments) to expand their use as satellite validation data. 1149 

Supplementary Materials: The following supporting information can be downloaded at: 1150 
https://www.mdpi.com/article/doi/s1, Table S1: Examples of currently available sensors to measure 1151 
IOPs, including pros and cons for each type of sensor; Table S2: Examples of sensors used to meas- 1152 
ure AOPs, including pros and cons for each sensor; Table S3: Examples of sensors used to measure 1153 
various water quality parameters, including pros and cons for each sensor type; Table S4: Example 1154 
table to evaluate the appropriate time frame for validation of satellite retrievals in coastal waters 1155 
(please note that values presented here are shown as examples and not supported by peer-reviewed 1156 
research); Table S5: Example table to select an appropriate time frame for validation of satellite re- 1157 
trievals in coastal waters (please note that values presented here are shown as examples and not 1158 
supported by peer-reviewed research); Text S1: Additional Specific Research Opportunities. 1159 
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