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Fig. 1 Schematic diagram of ocean color remote sensing workflow
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(b1) inversion results of R,(412) from NASA standard atmospheric correction algorithm over coastal Fujian; (c1) inversion

results of R, (412) from NASA standard atmospheric correction algorithm over west coast of North Africa; (d1) inversion results

of R,,(412) from NASA standard atmospheric correction algorithm over the Bohai and Yellow Seas; (el) inversion results of

R, (412) from NASA standard atmospheric correction algorithm over Australian bushfire event; (a2) inversion results of

R, (412) from artificial intelligence algorithm ACA-SIM over the Subei Shoal-Yangtze River Estuary; (b2) inversion results of

R, (412) from artificial intelligence algorithm ACA-SIM over coastal Fujian; (c2) inversion results of R, (412) from artificial

intelligence algorithm ACA-SIM over west coast of North Africa; (d2) inversion results of R (412) from artificial intelligence

algorithm ACA-SIM over the Bohai and Yellow Seas; (e2) inversion results of R (412) from artificial intelligence algorithm
ACA-SIM for Australian bushfire event
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Fig. 6 High-accuracy bathymetric inversion of reef-associated coastal waters using artificial intelligence method"™". (a) Little Bahama
Bank (LBB); (b) Dry Tortugas (DT); (¢) Bight of Acklins (BOA); (d) Caicos Bank (CB); (e) Xisha Islands (XI); (f) Dongsha

Islands (DI)
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Table 1 Artificial intelligence method based studies in ocean-color remote sensing and performance comparison with conventional
algorithms
Target/ Training . .
Reference Model Conventional performance Al-based performance
parameter data source
Lietal. AC MLP in situ R*=0.54—0.93, R’=0.89—0.95,
(2025)" ) datasets MAPD is 15% —55% MAPD is 11% —23%
Zhao et al. QAA+ in situ ) . o, ) . o
o) a R*=0.52, RMSD is 2.02 m R*=0.83, RMSD is 1.07 m
(2025) MLP datasets
Chen ez al. 5 semi-analytical + in situ R*<C0.73, R*>>0.82,
(2014)"™ ’ MLP datasets MRE is 32.3% —37.5% MRE is 22.1% —25.8%
Yuetal. MLP Synthetic r=0.52, biasis —0.96, r=0.62, biasis —0.03,
(2023)"" " ’ dataset RMSD is 1.12 RMSD is 0.45
Chen et al. in situ R’=0.63, R*=0.96,
[102] K, MLP sete D s 0 s 0
(2014) datasets MRE is 53.58 % MRE is 25.31%
He et al. ) in situ , , .
o Z, MLP+GRU R*=0.56 R*=0.84, RMSD is 0.83 m
(2022) datasets
Cao et al. . . in situ R*=0.21, bias is 0.9, R*=0.79, bias is 0.9,
L26] Chla XGBoost . . ) .
(2020) datasets RMSD is 11.3 pg-L RMSD is 7.1 pg-L
Lietal. pp TPM+ in situ R°=0.56, bias is 44.92%, R*=0.72, bias is 5.09%,
(2022)™ ERFR datasets RMSD is 0.33 for Inland waters RMSD is 0.19 for Inland waters
Cao et al. in situ ) ) ) .
[149) SPM SVR Slope is 0.81, MAPD is 50.4 % Slope is 0.83, MAPD is 25.6%
(2023)"" datasets
Liuetal. . in situ MAPD is 15.14%, biasis —0.61%,
o DOC MLP — . -
(2021) datasets RMSD is 1.24 mg-L.

Notes: definitions of seemingly identical accuracy metrics may vary slightly among studies; some metrics are calculated in log space and

therefore do not carry physical units. GRU, gated recurrent unit; TPM, total production model; ERFR, enhanced random forest

regression; SVR, support vector regression; R”, coefficient of determination; r, correlation coefficient; MAPD, mean absolute

percentage difference; RMSD, root mean square difference; MRE, mean relative error; bias, systematic bias; slope, regression slope.
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Abstract

Significance Ocean color remote sensing uses water-leaving radiance as the fundamental information carrier to quantitatively retrieve
and analyze water constituents and optical properties, and it provides an indispensable tool for long-term monitoring and diagnosis of
marine biogeochemical processes. With the explosive growth of global satellite observations and the rapid evolution of artificial
intelligence, ocean color remote sensing is undergoing a paradigm shift from traditional empirical statistical and semi-analytical
approaches to a new framework driven by data and constrained by physical mechanisms. This transformation is not only changing the
technical route of atmospheric signal separation and water parameter inversion, but also reshaping the application mode of marine
environmental monitoring. A systematic synthesis of this transition is therefore essential for understanding the current research

landscape and for guiding the development of next-generation intelligent ocean color observation systems.

Progress Following the processing chain of observation, inversion, and application, this review summarizes the key advances of
intelligent methods in ocean color remote sensing. For atmospheric correction, which serves as the prerequisite for accurate retrieval,
artificial intelligence has significantly improved the stability of signal separation under complex aerosol conditions and highly turbid
waters, and has enhanced the spatial coverage and cross-sensor consistency of derived products. For the quantitative inversion of
apparent optical properties, inherent optical properties, and biogeochemical parameters, different technical paradigms have been
established, including end-to-end mapping, modular learning frameworks, and physically constrained neural network approaches,
which jointly improve retrieval accuracy, robustness, and adaptability to optically complex environments. In optically shallow waters,
intelligent inversion has provided new solutions for the separation of bottom and water column contributions and for the reconstruction
of water optical characteristics. Beyond the core inversion tasks, artificial intelligence has also expanded the application scope of ocean
color remote sensing, enabling intelligent detection of harmful algal blooms, construction of foundation models for ocean color data,
and spatiotemporal reconstruction and prediction of long-term satellite observations. These developments indicate that intelligent
algorithms are gradually forming a systematic methodological framework that integrates multi-source observations, long-term time

series data, and nonlinear process modeling.

Conclusions and Prospects Although data-driven methods have achieved remarkable progress, several critical challenges remain,
including the limited availability of high-quality training data and reliable labels, insufficient generalization across regions and sensors,
and the lack of physical interpretability and uncertainty quantification. Future development will rely on the deep integration of physical
radiative transfer mechanisms and data-driven models, the coordinated use of hyperspectral observations and multi-source data, and
the construction of unified large-scale ocean color models. Such a dual pathway driven by physical knowledge and data intelligence is
expected to support the establishment of a new-generation ocean color remote sensing system with high accuracy, full coverage, and
strong transferability, and to further promote the application of ocean color observations in marine biogeochemical and ecological

studies.

Key words ocean color remote sensing; artificial intelligence; atmospheric correction; biogeochemical parameter inversion; optical

shallow water environment; spatiotemporal reconstruction and prediction
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