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Highlights

What are the main findings?

e A comprehensive bibliometric analysis reports the growth of research in the field and its
evolution from thematic convergence to methodological divergence over six decades.

e  The study identifies challenges in resolving optical degeneracy, vertical structure
acquisition, and scaling methods for operational use of phytoplankton absorption
from remote sensing.

What are the implications of the main findings?

e  The increasing methodological diversity requires better integration and standardization
to ensure consistent and reliable adoption of phytoplankton absorption-related research.

e  Addressing the main challenges, such as optical complexity and scalability, will be
essential for improving satellite-based retrievals of phytoplankton absorption for
broader use in ocean monitoring and climate-related applications.

Abstract

Phytoplankton are primary producers in the aquatic ecosystems whose pigments, cell size,
and physiological state affect how they absorb light and fix carbon. The phytoplankton
absorption coefficient (a,,(1)) in the visible spectrum is a fundamental cellular optical
property that determines phytoplankton-light interactions in the marine environment.
This property links biological processes to ocean color remote sensing reflectance (Rrs),
enabling an assessment of environmental and biogeochemical conditions in the ocean
using ocean color satellites. This study presents a multi-stage systematic review of six
decades (1965-2025) of a,;, (1) research, with a focused synthesis of developments in the
past decade. A bibliometric analysis empirically examines the research growth of the field
and its thematic convergence into methodological divergence across six decades. Cluster
analysis was used to compile influential research topics as well as emerging trends, to
determine the scope and design of the systematic review. A focused systematic review
of studies in the past decade (2015-2025) has been carried out to identify conceptual and
theoretical advances, major observational and algorithmic improvements, and ongoing
challenges. The data analyses highlight the accuracy achieved by various studies, the
complexity of applications of algorithms, and product-focused developments. The ongoing
challenges identified include resolving optical degeneracy, vertical structure acquisition,
and scaling methods for operational use. This review concludes the centrality of a,,,(A) as
a key parameter to next-generation ocean color science, biogeochemical modeling, and
climate-related ecosystem monitoring.
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1. Introduction

Phytoplankton are microscopic photoautotrophs that play a crucial role in regulating
the global oceanic biogeochemical cycle and marine ecosystems dynamics. As the primary
source of marine primary production, phytoplankton facilitate approximately 50% of global
net carbon fixation [1], and are integral to the function as a biological carbon pump that
exerts a critical regulatory control on atmospheric CO; and produces more than half of
global O, [2]. They also help cycle key nutrients such as nitrogen, phosphorus, silica,
and others [3]. The phytoplankton’s composition, their biomass, and their physiological
health are sensitive to environmental factors such as temperature and available sunlight.
Thus, phytoplankton serves as a good indicator of ocean health, fishery productivity, and
the ecosystem’s response to changes due to climate and anthropogenic factors [4]. The
apparent shifts in the community structure of diatoms, coccolithophores, cyanobacteria
(e.g., Prochlorococcus), and dinoflagellates impact trophic transfer efficiency, carbon export,
and seawater optical properties. These variations have significantly affected nutrient
cycling and carbon dynamics in marine ecosystems in the past decade [5,6].

Accurate synoptic measurement of phytoplankton biomass, along with the classifi-
cation of phytoplankton functional types (PFTs) or phytoplankton size classes (PSCs), is
a major goal of contemporary marine remote sensing and biogeochemical oceanography.
These observations and analyses are essential for understanding oceanic biological pro-
cesses and carbon cycling [7,8]. The measurement of phytoplankton properties using ocean
color radiometry tools relies on an associative relationship between the water-leaving radi-
ance and the bulk inherent optical properties (IOPs) of the water column. Phytoplankton
predominantly influence these IOPs by absorbing the light with their pigments [9,10]. The
available advanced hyperspectral sensors and multi-variable algorithms use spectral IOP
signatures for chlorophyll measurements, as well as allow for detailed analysis of pigment
compositions and carbon-based biomass. This also supports improving more sophisticated
marine carbon cycle models [11-13].

The empirical groundwork of ocean color remote sensing was established through
numerical modeling of core radiative transfer equations [14] on bio-optical models, fur-
ther extended to pigment packaging within phytoplankton cells [15] on the foundational
Case I/Case II water classification paradigm [16], and atmospheric correction [17]. The
subsequent shift to physics-based, semi-analytical ocean color inversion was enabled by
pivotal algorithms like the globally optimized GSM model [18], the IOP-deriving quasi-
analytical algorithm [19], supported by advances in aerosol modeling and global bio-optical
datasets [20]. More recently, machine learning and deep learning are being explored to
model complex, non-linear relationships between Rrs and IOPs, outperforming traditional
methods in complex waters [21,22]. However, one of the major challenges in ocean color re-
mote sensing remains the precise partitioning of the IOPs into their individual constituents.
This is a key requirement for retrieving critical ocean biogeochemical parameters useful for
studying climate impacts.

Despite six decades of rapidly expanding, cross-disciplinary research, a critical syn-
thesis gap persists in the existing marine remote-sensing reviews [23-27], which have not
explicitly traced the conceptual and methodological evolution of the studies involving
ayp(A) coefficients. This is particularly critical at this juncture, as a,,(A) serves as a key
bio-optical variable at the intersection of several intradisciplinary research areas related to
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marine ecology, biogeochemistry, and ocean color research. For example, among the several
vital IOPs, a,,(A) needs the highest spectral accuracy as its precise inversion is fundamental
for deriving climate-critical variables like phytoplankton carbon biomass [28,29], functional
types [30], and physiological diagnostics [31-33]. Also, the a,,(A) serves as the critical
bio-optical variable for taxonomic/functional group identification using accessory pigment
features [34,35] and biogeochemical model integration to govern spectral light fields and
primary production [36,37]. An integrated bibliometric and systematic assessment is timely
and necessary to consolidate the foundational and applied research on phytoplankton
absorption and identify pathways for its advancement.

Bibliometric analyses have been accepted as a crucial method for synthesizing the
expansive and vast interdisciplinary literature. In marine remote sensing studies, they have
elucidated the methodological evolution from empirical band ratio approaches to semi-
analytical inversions as well as contemporary machine learning frameworks [38,39]. Thus,
these methods can be applied to the a,,(A) literature to systematically identify foundational
studies, key transitions to the several sub-fields, and the collaborative dynamics driving
ongoing research advances. Systematic reviews reflect an unbiased evidence synthesis
of the existing literature [40], hence are critical for benchmarking algorithm performance
in marine remote sensing research [41-43], evaluating phytoplankton functional type
methods [44,45], quantify the estimation accuracy [46], validating physiological proxies [47],
and mapping the key data gaps in the a,;,(A) research [48].

The objectives of this study are as follows: (1) to address the longstanding synthesis
gap in a,;,(A) research by systematically evaluating spectral-resolution trade-offs among
sensors and critically assessing the accuracy and ecological interpretability of machine
learning versus physics-based retrievals, and (2) to synthesize the progress in integrating
high-resolution in situ and satellite data to reconcile methodological gaps and challenges.
To achieve these objectives, this study uses a dual methodological framework that combines
bibliometrics to map the literature with a systematic review to critically evaluate evidence,
providing a holistic benchmark for a,,(1) research. The study will be able to guide future
multispectral and hyperspectral algorithm selection and optimize the application of a,;(1)
in ocean ecology.

2. Six Decades (1965-2025) of Phytoplankton Absorption:
Bibliometric Analysis

This study employs a bibliometric framework, beginning with clearly defined research
objectives and implementing a triangulated data-sourcing strategy across well-known sys-
tematic databases, such as Scopus and Web of Science (WoS), as well as Al-based sources,
such as Dimensions, CORE, Semantic Scholar and the widely used Google Scholar database,
to comprehensively capture the interdisciplinary scope and citation impact on the literature
of a,,(A) research. The multi-source literature was merged and deduplicated using Python
algorithms (by keys DO], title similarity, author name, and journal), then subjected to de-
scriptive statistics, network analyses, and convergent multi-dimensional impact profiling.
This revealed publication trends, collaboration patterns, thematic evolution, and persistent
research gaps, which provided a robust and evidence-based map of the a,,()) research
landscape. The methodology is shown in the Figure 1 flowchart below. The entire data
processing was carried out by scripting Python code using various Python libraries (includ-
ing pandas and NumPy for data handling; re, Counter, and itertools for text preprocessing;
TF-IDF Vectorizer and KMeans for keyword extraction and clustering; SentenceTransformers
for semantic analysis; and Matplotlib, Seaborn, Plotly, and WordCloud for data visualization)
for bibliometric analysis and data visualization for this study.
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Figure 1. Flowchart of Bibliometric Analysis Methodology.
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Table 1 below outlines the key statistical methods used in the study to process and

analyze the bibliometric data, along with Python libraries, used in each technique. The tools

used below enabled us to represent data structurally as well as support evidence-driven

interpretation of trends, relationships, and thematic convergence of the dataset.

Table 1. Statistical methods and Python libraries used in this study.

Statistical Method

Descriptive Use in Study

Indices

Python Library

TF-IDF (with n-grams,
df filtering)

Keyword extraction and
weighting from abstracts

TF x IDF;
IDF = log(N/df)

sklearn (TfidfVectorizer)

Text normalization
(regex + mapping)

Standardizes scientific
terms before analysis

Rule-based mapping

re, pandas

K-means clustering

Grouping abstracts into
thematic clusters

To minimize within-cluster SS

sklearn.cluster KMeans

Frequency analysis and
citation metrics

Counts authors, years,
citations; measures
productivity and impact

Value counts; citations/article

pandas, numpy, collections.
Counter,
SentenceTransformers

Correlation analysis,
linear regression,
summary statistics

To analyze the relation
between models, trends
across variables, and the
dataset description

Pearson r, R?, RMSE, MAE,
other aggregations

numpy.polyfit, sklearn,
Matplotlib, Seaborn, Plotly,
and WordCloud
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Keyword

Remote Sensing - Phytoplankton

Remote Sensing - Ocean Color

Phytoplankton - Ocean Color

Phytoplankton - Remote Sensing

Phytoplankton - Ocean Color

Phytoplankton - Remote Sensing

Remote Sensing - Phytoplankton

Remote Sensing - Ocean Color

Phytoplankton Absorption

- Phytoplankton Absorption

- Phytoplankton Absorption

2.1. Database Search by Keywords:

Although Scopus and Web of Science have traditionally dominated bibliometric stud-
ies, newer Al platforms such as Dimensions, CORE, Semantic Scholar, and Google Scholar
offer broader coverage, open-access content, and diverse indexing, allowing for more
complete assessments of the literature. We applied both Topic searches (scanning titles,
abstracts, and keywords for breadth) and Title searches (for exact matches) using a hi-
erarchical keyword search of “Remote Sensing”, “Phytoplankton”, and “Phytoplankton
Absorption”. Also, the keyword “Remote Sensing” was refined by “Ocean Color” and
then “Phytoplankton Absorption”. This approach identified 3774 articles after removing
duplicates from 5312 articles across databases related to the objective of the study, including
397 exclusively focused on apy (A) and 164 solely from ocean color retrieval. Figure 2 below
depicts the search results for each keyword.

Result of the databases searches by keywords

Remote Sensing

Phytoplankton

- Phytoplankton Absorption A
vep P 3773 Studies

(1960-2025)

- Phytoplankton Absorption

10° 10° 10° 10

Total Topic Count (log scale)

Figure 2. Result of the database searches by keywords.

As shown in Figure 3, Topic searches consistently yielded higher counts than Title searches,
and database-specific variability, e.g., Semantic Scholar’s high Title counts versus lower com-
bined keyword retrieval in Google Scholar, illustrates how platform architecture and indexing
practices critically influence the literature coverage. Broad keywords dominated overall re-
trieval, whereas combined and tertiary keywords captured specialized niches, revealing an
exponential decay in the literature volume with increasing thematic specificity, such as “Re-
mote Sensing” (up to 3.29 M Topic counts in Google Scholar) versus the precise niche “Remote
Sensing—Ocean Color-Phytoplankton Absorption” (only two Title counts in Scopus/WoS).
In comparison to the curated journal selections with keyword-based text mining tools, it
becomes evident that text-derived keywords less consistently reflect the focus of the
research. Instead, these curated keywords often provide contextual descriptors rather
than core research objectives. Therefore, author-specific text-search tools underscore the
necessity of alternate methodological approaches to achieve comprehensive literature
coverage. It is also needed for integrating multiple data sources, minimizing omission
prejudice, and ensuring a comprehensive and unbiased literature assessment.

The significant bibliometric contrast between high-context Topic mentions and
low-frequency Title occurrences for focused terms like “Phytoplankton Absorption”
empirically signifies the distinction between primary research focus and broad thematic
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Keyword

discourse of the field. The most specific triadic Title niche, “Remote Sensing-Ocean
Color-Phytoplankton Absorption”, is almost absent as a primary focus of the research
(with only two Title occurrences in the curated databases). This pattern suggests that
the field has reached a high level of methodological maturity, but research specifically
focused on the accurate retrieval remains narrowly concentrated. The analysis of Topic
counts reveals a steep, non-linear decay in the literature volume with increasing thematic
specificity. The different database search engine architecture critically biases absolute
scale, with full-text engines (Google Scholar, Semantic Scholar) inflating counts up to
three orders of magnitude compared to the curated indexes (Scopus, WoS). However,
the hierarchical search results remain consistent across all source databases. The overall
summary of bibliometric analysis is depicted in Figure 4.

Heatmap of Topic and Title counts across Databases

x10
Remote Sensing | 341,108 | 72,444 186,926 | 50,986 202,000 | 681876 | 107,898 [PRECXIPE 195646 [EPXKUNVCOI 1kl
4 { 4 3.0
Remote Sensing - Phytoplankton 3450 230 3185 201 1060 567 77,533 1439 451,015 10,727 383,000 3230
Remote Sensing - p 745 22 1072 21 573 32 906 167 3024 175 885 470 25
Remote Sensing - Ocean Color 4162 285 3611 972 13,700 570 8014 1156 34,188 2358 308,000 2780
20
Remote Sensing - Ocean Color - Phytoplankton Absorption 328 2 639 2 309 10 716 124 2637 75 2260 74
[
3
Phytoplankton 71,181 20,282 76,492 18,849 18,600 2860 169,956 35,904 466,359 73,811 383,000 81,600 t;)
15
Phytoplankion - Remote Sensing 3450 230 3185 200 44,800 707 20,898 1484 71,201 2386 28,000 3230
Phytoplankton - Remote Sensing - Phytoplankton Absorption 745 21 1072 20 6650 45 906 220 3024 175 410 210 10
Phytoplankton - Ocean Color 1914 84 2787 80 160,000 183 6911 919 28,078 1589 86,100 1300
Phytoplankton - Ocean Color - Phytoplankton Absorption 459 74 1006 8 61,000 10 758 176 2740 120 1600 107 o8
Phytoplankton Absorption 2628 268 3598 248 301,000 605 1190 401 3509 414 7060 571
o A o\ O\ o\
& & ra & & & & N & NI & N
B & & & & & & & @ & & &
6(99 o & ~ o % e S r & &é\a Q&@e a“@‘b
& & of
Source Database
Figure 3. Search results for bibliometric analysis.
Bibliometric Summary (Timespan 1959-2025)
Documents Authors Sources
3774 6497 611
Avg Citations / Doc Annual Growth Rate (%) Co-authors / Doc
38.62 5.71 4.6
International Co-authorship (%) Single-authored Docs Document Avg Age
71.57 155 15.56
References Databases Searched Average Hits per Keyword (Topic / Title)
Scopus, WOS, Google
128,158 CORE, Dimensions, Semantic Q9888 11/420-202

Figure 4. Summary of bibliometric analysis.

2.2. Publication Trend Analysis (1959-2025)

The bibliometric trajectory of a,, (1) research exhibits discrete paradigm shifts in
three major phases described in the following. First, a foundational phase (1959-1990) with
minimal annual output (<10) corresponding to theoretical optics and pre-satellite bio-optical

https://doi.org/10.3390/1s18122059
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parameterization, e.g., noted works of [14,49,50]. Second, an exponential growth phase
(1991-2012), where publications surged to ~196 annually, driven by the operationalization
of ocean color sensors (e.g., SeaWiFS, MODIS) and the maturation of semi-analytical
inversion algorithms (e.g., noted works of [18,19]). Third, a sustained high-output phase
(2013-2025), characterized by ~195 outputs annually, which indicates field maturation and
methodological diversification into several major themes (e.g., hyperspectral retrievals,
physiological diagnostics, and machine learning approaches). The publication trend has
been depicted below in Figure 5.

Phytoplankton Absorption Research: Satellite-Driven Inflection Points (1960-2025)

MODIS Era

CZCS Launch
SeaWiFS Launch
PACE Launch

1960 1965

1
1
1
1
1
|
1
I
I
1
1
1
|
1
1
1
1
I
1
|
1
1
1
1
1
1
1
1
I
1
1
1
I
1
1
|
1
1
i

1970 1975 1980 1985 1990 1995 2000 2005 2010 2015 2020 2025
Year

Figure 5. Publication trend analysis.

The plot shown in Figure 6 below depicts the cumulative distribution of publications
across 20 journals, illustrating Bradford’s Law [51] in scientific publishing. Journals are ordered
on the x-axis (as represented by publication title) by their increasing cumulative contribution,
and the y-axis shows the cumulative percentage of publications. The curve reveals a characteris-
tic Bradfordian pattern, with a core group of publication titles accounting for a disproportionately
higher share of publications and a long tail of less prolific journal sources. This distribution
confirms the predicted “stratification” by Bradford’s Law, signifying its relevance in the marine
science, remote sensing, and environmental science literature.

Bradford's Law: Cumulative Distribution of Publications

& 8 & &

Cumulative % of Publications
8

3 =

)

JGR: Oceans
Remote Sensing Env
SPIE

Limnology & Oceanography
Remote Sensing
Applied Optics
Frontiers Marine Sci
Marine Ecology Prog
Estuarine Coastal Sci
Biogeosciences
Continental Shelf
Journal Plankton Res
Int J Remote Sens
EGUsphere

J Marine Systems
Hydrobiologia

Optics Express
Science Total Env
Deep-Sea Research Il
J Exp Marine Bio Eco

Journal / Source

Figure 6. Bradford’s curve in the distribution of publications.
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2.3. Research Areas and Keywords Analysis

The research areas have been depicted below in Figure 7a; they show the oceano-
graphic research, comprising 34.3% of the total studies, followed by aquatic biology re-
search, 26% of the total studies, and environmental sciences, 21.7% the total studies. The
other studies include research domains like remote sensing, photogrammetry, geosciences,
ecology, optics, and limnology, each contributing to the marine ecosystem research. The
keyword analysis included a dataset comprising 13,301 curated keywords by setting thresh-
olds of 20 and 140 occurrences based on the interquartile range. The 402 keywords meet
the 20-occurrence criterion, and only 35 meet the stricter 140-occurrence threshold, empha-
sizing the most relevant terms as shown below in Figure 7b.

water quality" oplilc

g
3 < 7 environmental monitoring. - )
%%?, g water a.‘ pr‘on P ight cy 1:;' riur
b £& ) Ry
A 68 reflegtion ! y 57 no%nan
i pertie ¥ e metabolism
Oc, @i 3
2N0grapp, omots S50 {
L4 e inherent opt‘kpr 0
“wﬁﬁgﬁ
Q&@
5
Qe“f‘;}* o, f
% T::% pigment
% \\
.primary\.;duction
coastalwater
(@) (b)

Figure 7. (a) Research areas and (b) keyword network analysis.

Based on the TF-IDF score (term frequency—inverse document frequency, which refers
to a numerical measure that indicates the importance of a word to a document relative to
a collection of documents, computed using key terms extracted from the abstracts of the
papers), a word cloud is shown in Figure 8 above, indicating a focus on phytoplankton
blooms, absorption, chlorophyll-a, and remote sensing terms as central themes. Prominent
terms that emphasize quantifying physiological responses and estimating productivity
under varying environmental conditions are significantly depicted in the word cloud.
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Figure 8. High-value keyword word cloud.
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2.4. Journals and Authors

The plot shown in Figure 9 highlights the top 15 publication titles by record count on the
x-axis of the plot. These publications, including Journal of Geophysical Research Oceans, Remote
Sensing of Environment, Proceedings of SPIE, and Limnology and Oceanography, collectively
represent a significant portion of the literature in these domains. Figure 10a shows the
top 15 authors in terms of the number of their papers published, where S. Sathyendranath
leads with approximately 155 coauthored articles, followed by Y. Zhang (~110) and R.J.W.
Brewin (~95), making them the top three productive authors in this field. The data exhibit
a wide range of productivity and influence, with citations per article varying from about
9 to 195. M. J. Behrenfeld [28,31,32] records the highest citations per article (~195), followed
by M. Kahru with ~79 citations per article and S. Sathyendranath [15,24,29,30,50] having
~64 citations per article, signifying the strong influence on the publications related to
app (A). The results displayed here are specific to a,, () publications, wherein the overall
contribution of these researchers is much higher in the marine science domain.

Top 15 Most Productive Journals by Publications

Journal of Geophysical Research: Oceans

Limnology and Oceanograpry. |
Remate Sensing |
Frontiers in Marine Science _
Marine Ecology Progress Series _

Journal

Siswanto, E
Sun, D

Hoge, F.E
Wang, G.
Wang, Y.

Balch, W.M.
Kahru, M.

Lee, Z.

Zhang, Y.
Brewin, R.J.W.
Behrenfeld, M.J.
Sathyendranath, S.

Authors

0

1

Sarangi, RK.
Ferreira, A.

Demidov, A.B.

Estuarine, Coastal and Shelf Science _

Continental Shelf Research _
Journal of Plankton Research _

International Journal of Remote Sensing

EGUsphere

Journal of Marine Systems

100 150 200
Number of Publications

o
8

Figure 9. Journals as per publication numbers.

Top 15 Authors Analysis: Articles, Citations, and Cites/Article
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Figure 10. (a) Top authors and (b) author network.

Figure 10b is a network plot depicting multiple network properties through bubble
size (representing author prominence), edge thickness (representing the strength or fre-
quency of collaboration), and color clustering (representing authors with dense internal
collaboration and shared research focus). These properties together reflect underlying
structural characteristics of the co-authorship network. The network is centered around
prominent nodes represented by S. Sathyendranath, Y. Zhang, A. Bricaud, and Z. Lee with
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~
Plymouth Marine Laboratory (340)
Sorbonne University (175)

CSIRO Canberra (155)

NASA Goddard (144)

Scripps Institution of Oceanography (138)

UCAS Beijing (138)

Observatoire Villefranche-sur-Mer (125)
Second Institute of Oceanography Beijing (120)

Shirshov Institute Moscow (104)
NOAA Washington DC (99)
Alfred-Wegener-Institut (96)
MNR China Beijing (91)

Bigelow Laboratory (88)
Dalhousie University Halifax (86)
NOC Southampton (80)

their respective groups. For example, a global hub centered around S. Sathyendranath links
multiple clusters, facilitating intradisciplinary collaboration. In contrast, a cluster-centric
hub like Y. Zhang’s dominates the network with strong intra-group ties. Also, a pattern of
localized hubs (e.g., A. Bricaud) within a tightly coupled subgroup and strategic intermedi-
ary position (e.g., Z. Lee) is exhibited, indicating high centrality that enables inter-cluster
connectivity. The clusters exhibit that the green cluster, including S. Sathyendranath, acts
as a bridge connecting the other clusters. The red cluster of Y. Zhang is more cohesive
but relatively isolated compared to the purple cluster, which includes authors such as
A. Bricaud and R. Rottgers. The yellow cluster represents legacy contributions, and the
blue cluster (e.g., S. Wang and others) facilitates inter-cluster links to the orange cluster of
emerging authors.

2.5. Affiliations and Country

The analysis of the top 15 affiliations contributing to research output highlights a strong
presence of leading oceanographic and remote sensing institutions globally. Plymouth
Marine Laboratory (UK) leads with 340 publications, followed by Sorbonne Université
(France, 175 papers), CSIRO (Australia, 155 papers), NASA Goddard Space Flight Center
(USA, 144 papers), and Scripps Institution of Oceanography (USA, 138 papers). Chinese
institutions, including the University of Chinese Academy of Sciences (138 papers) and
the Second Institute of Oceanography (120 papers), also feature significant contributions.
Other notable contributing institutes include the Shirshov Institute of Oceanology (Russia,
104 papers), NOAA (USA, 99 papers), Alfred-Wegener-Institute (Germany, 96 papers),
and the National Oceanography Centre Southampton (UK, 80 papers). At the country
level, the United States dominates the research domain, followed by China, the United
Kingdom, France, and Canada respectively reflecting their prominent role in advancing
oceanographic and phytoplankton remote sensing studies. The Figure 11 below depicts the
global distribution of the studies.

Global Distribution of Affiliations (In Blue) and Countries (In Red)
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Figure 11. Map of affiliations of prominent research in the field.
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2.6. Research Clusters Based on Abstract Clustering

The t-SNE (t-distributed stochastic neighbor embedding) map visualizes the similarity
structure of bibliometric entities in a two-dimensional space. The spatial proximity reflects
thematic relatedness, and distinct groupings represent major research clusters. The division
of studies into four quadrants highlights differences in research focus and maturity across
themes. A clear vertical structuring is evident in the t-SNE map at Figure 12, with the
upper quadrants dominated by conceptual and methodological themes, while the lower
quadrants emphasize physical, optical, and biogeochemical applications. The figure depicts
a continuous research domain rather than discrete clusters, which gradually transitions
from computational methods to optical physics, biogeochemistry, and ecological dynamics.
The spread of points across quadrants signifies that only a few papers are confined to a
single theme, and most studies are cross-disciplinary and are a combination of methods,
observations, and ecological insights.

Abstract Clustering with t-SNE (Normalized Keywords) & Thematic Quadrants
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Figure 12. t-SNE Map of abstract clustering.

Based on the normalized keywords, the largest thematic group is methodological and
data-driven studies comprising 1518 papers (40.2%), which emphasizes algorithm develop-
ment, computational approaches, and data analysis techniques. The remote sensing and
optical properties cluster includes 915 papers (24.2%), which focus on absorption, radiative
transfer, and CDOM dynamics. The productivity and biogeochemistry accounts for 742 papers
(19.7%) that cover primary production, chlorophyll-a, and carbon cycling. The phyto-
plankton types and seasonal dynamics represent the smallest group with 599 papers (15.9%)
that emphasize bloom dynamics, functional types, and ecological processes. Despite the
quadrant-based thematic classification, the spatial distribution of points indicates the non-

https://doi.org/10.3390/1s18122059


https://doi.org/10.3390/rs18122059

Remote Sens. 2026, 18, 2059

12 of 38

existence of limiting boundaries between clusters. Instead, thematic overlap reflects the
interdisciplinary nature of the field, where studies mostly integrate methodological tools,
remote sensing data, and biogeochemical applications.

3. Review of Advances in Phytoplankton Absorption Research

In this section, we examined the past literature by employing thematic techniques to
draw meaningful inferences. The Systematic review should involve assessing the literature
using clear, accountable, and methodical procedures [40,52]. The best strategy to achieve
this is through classifying the studies in some meaningful schema. Previously, several
studies have adopted different methodological schemas, like classification-based (e.g.,
analytical, semi- or quasi-analytical, empirical, and semi-empirical [53]), research trends-
based [54], machine learning-based [55], data fusion-based [56] and other similar discourse
for review. We adopted the PRISMA methodology for systematic review as depicted below
in Figure 13, and included a total of 397 research articles of the past decade in the review,
focusing on details of the article with citations to date, data used, area of study, method,
result, and conclusion of the study (Supplementary Table S1). After filtering 316 articles,
152 were used for the abstract clustering schema, and the selected studies were found to
represent two overarching themes: The first describes the focus of the research detailing
what each study investigated (Section 3.1), while the latter emphasizes the significance of
app, (A) research by explaining why these findings were important (Section 3.2).

‘ Identification of studies via databases and registers ‘

—
s Records removed before screening
(3 * Databases: n = 5132 * Duplicate records removed:
o o Sources: Scopus, WoS, =
= 2 T s n=1358
© Dimensions, CORE, Semantic R d Ked ineligible b
é Scholar, Google Scholar i o b
. g automation tools: n =0
3 ¢ Realdters:n ~0 « Records removed for other
& :
S o Sources: None feasonen=0
I
—
Records screened Records excluded: n = 3377
e n=3774 [—| ¢ Reason: Broad-topic vs niche
relevance
= Reports sought for retrieval: »| Reports not retrieved
= n=397 (n=81)
o
2
o
8 !
Report d for eligibility:
‘ ne=p§1ss assessedilon Shubiity »| Reports excluded: n =152
« Context: Exclusively focused on * Reason: Filtered for last decade
Phytoplankton absorption

() i
Studies included in review
(n=164)

Solely from Phytoplankton
absorption of last decade

Included

Figure 13. PRISMA flow diagram for systematic review of this study.

3.1. Focus of the Phytoplankton Absorption Research

The focus of the a,, () research, either theoretical or application-oriented, can be cate-
gorized primarily into four major sub-themes: 1. Theory of optical absorption mechanisms
and bio-optical modeling, reflecting methodological and data-driven research; 2. phyto-
plankton functional types and the size classes classification of phytoplankton by traits
or size, linking the community composition to ecosystem dynamics, aligning with the
ecological focus; 3. environmental influences on 4,;, (1) that examines how factors like
light, temperature, and nutrients affect absorption, integrating physiological and ecological
responses across methodological and ecological themes; and 4. role in primary production
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and ecosystem functioning, which explores phytoplankton contributions to productivity
and food webs, emphasizing process understanding and predictive modeling.

3.1.1. Phytoplankton Absorption Theory and Modeling

This strand of research primarily focused on understanding phytoplankton light
absorption, analyzing absorption characteristics, and developing bio-optical compu-
tational models. Over the past six decades, theoretical frameworks considering bio-
optical and physio-optical approaches that include analytical, quasi-/semi-analytical, and
empirical/semi-empirical models have been employed through varied techniques from
laboratory experiments to field expeditions. The data processing has advanced to analytical
algorithms progressively evolved through interdisciplinary collaboration across the disci-
plines. The initial attempts for precise estimation were formulated based on the equation of
chlorophyll-a absorption, light intensity, and temperature variations to accurately predict
marine phytoplankton production [57]. The subsequent two decades saw major milestones
arising from theoretical advances in IOP, particularly 4, (1) and radiative transfer pro-
cesses, and their application in remote sensing to quantitatively estimate phytoplankton
concentrations through spectral variations in ocean color observed in the upper water
column [14,58-61]. Phytoplankton absorption varies with the size and strength of algal
cells, challenging the applicability of Beer’s law and thus affecting the estimation of pro-
ductivity and biomass via remote sensing [14]. An iterative method to reveal dependence
on chlorophyll-a content and water type, leading to an optical classification of water [58],
was important to note. Significant research revolved around the disagreement regarding
the specific absorption of algal particles and the significance of absorption peaks at 440 nm
and 675 nm [62]. Further progress on a,, (A) was exploring the theory related to photo-
adaptation [63], in vivo absorption [62,64,65], detrital absorption [66], and phytoplankton
cross-section absorption [67,68] using absorption spectroscopy or fluorescence spectroscopy
to study spectral variations [69] and phytoplankton growth [68,70].

Post 1990s, researchers focused on absorption spectra-based bio-optical models [49,71-73]
and IOPs [74] to determine the major groups of phytoplankton pigments [71,75-77], the
package effect [78], and theory building for evolving application areas like photosynthetic
changes [79] and acclimation [80] using methods like chemical oxidation [81] and glass fiber
filters [71]. Then, post-2000s, studies largely served the purpose of increasing the accuracy
of estimation by numerical/bio-optical models [82,83], wavelet analysis [84] utilizing
empirical models [85,86] such as Gaussian analysis [87], neural network clustering [88]
where the focus still revolved around estimation and species identification [85,89,90] to
advance harmful algal bloom (HAB) detection [84,91].

The last decade, since 2015, shows trends that continue to advance the knowledge
around modeling and parameterization [92-95] for inland waters [96-98], spectral dataset
creation [94,99-101], and functional types and ecosystem dynamics [29,30,102].

3.1.2. Dominance of Remote Sensing-Based Approach to Study Phytoplankton

Ocean color remote sensing theories were initially exploited in different application
areas [60,61,103-105]. During this decade, a major contribution to a,, (1) may be attributed
to Prieur and Sathyendranath [58], who not only laid out the semi-analytical model over a
range of 400-700 nm (indicating absorption peaks at 443 and 676 nm), along with a com-
parison to previously existing models [14,106-108], but also provided basis for applications
like the classification of water class. This decade, with the advent of satellite-based ocean
color instruments like the coastal zone color scanner (CZCS) on board the Nimbus-7, was
employing bio-optical models for methodological developments [109-113] and for regional
modeling [114,115].
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The ten-year gap (1985-1995) after CZCS has heavily impacted ocean color research,
after which a new era of more modern ocean color satellites started. Figure 14 below
shows the instruments, satellites, their operating dates, and radiometric, spectral, and
spatial resolution information launched post-CZCS. The ocean color scientists rejuvenated
the methodological progress on bio-optical modeling [116-120], improving predictive
capabilities [83,121-124] and variability in the partitioning of optical properties [125-130].
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Figure 14. Ocean color satellites and data availability duration.

The studies post-2010 appreciated the time-series data of previous satellites to pro-
vide a critical analysis of the a,, (1) research. This resulted in expanding the scope of the
methodological research into inverse-modeling [131,132], optical proxy models [133,134],
physio-optical modeling [135-138], semi-analytical models [139], and quasi-analytical mod-
els [140]. In addition, several studies were focused on algorithm development for decompo-
sition [141-144], parameterization [145-147], seasonal variability [148,149], and partitioning
absorption [136,137]. Certain studies have also contributed to the evaluation of different
models for predictive accuracy [22,150]. The theory for detecting HAB [91,151], assessing
regional variability in cyanobacteria bloom [152,153], and spatiotemporal variability using
longitudinal data [154,155] was also studied. More recently, the ensemble machine learning
models have been used for optimized empirical modeling [22,156,157]. The notable studies
using ocean color satellite data have been placed in Table S3 at annexure.
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3.1.3. Phytoplankton Functional Types (PFT) or Phytoplankton Size Class (PSC)

These PFT studies primarily classified phytoplankton based on their traits, functional
types, and size classes based on examining community composition influences on ecosys-
tem dynamics, photosynthetic pigments (e.g., chlorophyll-a), ecological roles (e.g., primary
producers, mixotrophs, HAB formers), and nutrient utilization [158]. PSC refers primarily
to size-based classification, with picoplankton (0.2-2 um), nanoplankton (2-20 um), and
microplankton (20-200 pm) encompassing various organisms from bacteria to small al-
gae [159]. Understanding phytoplankton size classes is crucial for comprehending aquatic
ecosystem dynamics, encompassing primary production, nutrient cycling, and food web
interactions, analyzed through diverse sampling and measurement methodologies [30].

Initial PFT attempts were centered around using in situ data for relating to the
derivative analysis of absorption spectra [160-163]; absorption spectra from chemomet-
rics to PFT [164], which were further extended as absorption models to differentiate
size classes [165-169], using the bio-optical model [170]; and their ecosystem dynam-
ics [171-174]. The application of ocean color data has largely enriched this domain, where
few studies utilized semi-empirical bio-optical models [29,165,175-180], inversion tech-
niques [179,181,182], and upright empirical models using IOPs [183]. Regional variabil-
ity [30,183-188] and seasonal/spatial variability [189-192] in PFT and PSC were also as-
sessed by prominent studies. Recently, PFT and PSC studies have predominantly examined
variations in phytoplankton size structure and their influence on absorption characteris-
tics [165,193,194] at different scales using satellite data [29,154,195], examining the global
distribution of the phytoplankton size spectrum [30,94], investigating the influence of
the temperature [196], ecosystem complexity [102], salinity [171], and nutrient concentra-
tions [172] on PFT and PSC.

3.1.4. Influence of Environmental Factors on Phytoplankton Absorption

This research category has investigated how environmental factors, such as tem-
perature, light, or nutrient availability, affect a,;, (1). Through experiments, field obser-
vations, and modeling, these studies integrated ecological and physiological responses
to bridge methodological and ecological gaps in the research. The notable contribution
indicates that ayy, () is influenced by multifaceted environmental factors like nutrient avail-
ability [155,197-199], light intensity [90,200-202], temperature [196,203], and other water
chemical parameters [183] which dictate growth rates and photosynthetic activity. Under-
standing these influences is pivotal for understanding the absorption of anthropogenic
CO, [2,29] and environmental shifts [204].

A few other studies have focused on unique environmental conditions, like glacial
meltwater influx in fjord ecosystems [145], red tide events [205-207], the Agulhas Current
ecosystem [208], reservoirs across China [209], and other unique geographic areas as
mentioned in Table S1 for accurately parameterizing absorption coefficients, improving
model precision and predictive capability.

3.1.5. Primary Productivity and Ecosystem Functioning

This research focuses on the contribution of phytoplankton to primary production, ex-
ploring factors controlling productivity and how it impacts marine food webs. While
more applied aspects of this research domain emphasize process understanding and
predictive modeling of the oceanic productivity. Marine primary production by phy-
toplankton is a vital process that converts inorganic nutrients into organic matter, driving
oceanic carbon cycling and supporting marine ecosystems, with implications for climate
change [2,210]. Phytoplankton’s light absorption is crucial for photosynthesis and di-
rectly related to their productivity and impact on the higher trophic order, as well as

https://doi.org/10.3390/1s18122059


https://doi.org/10.3390/rs18122059

Remote Sens. 2026, 18, 2059

16 of 38

ecosystem dynamics [211,212]. Initial studies focused on assessing the importance of
phytoplankton for primary production [213-216], followed by estimating uncertainties
that impact primary production estimation [217], due to environmental factors [218,219]
and regional modeling [115,201,220-222]. The contemporary researchers measure a,, (1)
to primary productivity modeling [223-228] along with seasonal and regional variability
in productivity [154]. The anthropogenic impacts on productivity [229]; environmental
drivers [198,204], carbon sequestration and productivity [102,230], and the validation of
productivity models [231-233] are a few concurrent research trends in the marine food web.
Moreover, the promising extension of ocean color data and a novel bio-optical method can
enable the initial estimation of carbohydrate, protein, lipid, and overall calorific values of
phytoplankton on a global scale, also revealing regional variations [33,234].

3.1.6. Methodological Shift: From Variable Retrieval to Ecological Application

Over the past six decades, ay, (1) research has shown a methodological shift from
radiative transfer model-based retrieval to application-driven ecological inference. The
research trend highlights the early scholarly work predominantly focused on analytical
and quasi-analytical inversion models, focusing on better modeling the variables with
moderate accuracy, constrained by limited transferability. Subsequent improvements
due to the integration of semi-analytical and statistical methods significantly improved
estimation performance even in optically complex waters. Also, application areas have
expanded beyond bulk absorption to pigments and size structure. The early 2015s indicate
a pivotal shift toward machine learning-based research, which enabled the robust modeling
of the nonlinear relationship between Rrs and bio-physical variables for the retrieval
of functional types, size classes, and productivity. By the mid 2020s, advanced machine
learning and ensemble models were employed largely to achieve consistently high accuracy
and address explicit uncertainty and heterogeneity. These advances have positioned a,, (1)
from a proxy variable to a fundamental geophysical and ecological indicator across the
limnological systems.

Methodological trends have been examined over the past decade (as illustrated in
Figure 15) using representative studies that report highly significant advances in perfor-
mance. The representative phytoplankton retrieval algorithm studies were analyzed across
five major methods of classification [53]. The analytical methods-based studies largely
employed through absorption-based bio-optical models have provided moderate accuracy
(R? ~ 0.77) and limited adaptability to optically complex waters [137,178,235]. The quasi-
analytical methods show significantly improved performance (R? ~ 0.96) and offer a strong
balance between theoretical robustness and empirical calibration [236-238]. The studies
based on semi-analytical methods have shown to be an enhanced amalgam of integrating
inversion, decomposition, and unmixing techniques and have achieved better accuracy
(R? ~ 0.90) while ensuring multi-variable retrievals [239-241]. The semi-empirical studies
were seen exploiting techniques like derivative analysis, wavelet transform, stepwise re-
gression, and spectral feature engineering, to yield moderate improvements (R? ~ 0.85) and
enhanced sensitivity to pigment variability [186,242,243]. Recent advances are dominated
by empirical machine learning (ML) models, including ensemble methods, mixture density
networks, and deep learning architectures, which are demonstrating the highest accuracies
(R? > 0.95) and are enabling complex multiple products derivations [22,157,244-247]. Over-
all, the progress echoes a paradigm shift toward augmented usage of hybrid and Al-driven
methodologies for more pragmatic solutions of 4, (A) applications.

https://doi.org/10.3390/1s18122059


https://doi.org/10.3390/rs18122059

Remote Sens. 2026, 18, 2059

17 of 38

Accuracy (R?)
o

o
» @

%, S S

Zheng et
((2021
Picophytopl

80
[
z

Shang et
((2021))
Reservoll

Teng et al
((2022))
Pigments

|eonAjeuy-isenp

w' 2ozn)|
Robinson &

((2017))

Net

Jeuy asuewlopad wyob|y :sjapoy uondiosqy uopjuejdoifyd

£

Wang, ef 3 &
((2017
Eg @,
z «
dotal. ¥
1 m 8
E
£y
K]
&
8§
Zhang et a =
(2015 Tyl
Psc yé. g
il
(2017 3,?
[Chi-a & 205 2
8238
S58 5
§283
T —— % 8%00
38
€ s
: 2
SoB s
1ad P
2 Hom
¢ o
e =
ite gl g52
5 3 e
Zharlg et al. o I
((2p23)) §bg ?
Pigment 3 B2
S -
) &2
3 S&
88
E3
§3
&

Error Value

Figure 15. Methodological trends in the last decade.
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3.2. Significance and Challenges of Phytoplankton Absorption Research (2015-2025)

This section highlights the significance of a,), (1) studies by contextualizing subsections
around key research objectives and methodological advances. Given the vast body of
literature, this review focuses on notable and representative studies from the last decade
that showcase recent progress in estimation accuracy and ecological applications (refer to
Table S2 for a concise tabulated summary of these studies).

3.2.1. Beyond Chlorophyll-a: Retrieval of Phytoplankton Composition and Function

These studies represent a major shift beyond chlorophyll-a towards resolving phy-
toplankton composition and function from Rrs. Several studies focus on retrieving es-
sential and photoprotective pigments using a,;, (1) to better characterize physiological
states [94,248,249]. Others target major taxonomic groups using a,;, (1), enabling insight
into functional assemblages rather than bulk biomasses [250-252]. Community-level frame-
works further emphasize tracking assemblage shifts over time and space, which has proven
more robust than species-level retrievals in dynamic systems [253,254]. Freshwater systems
for detecting HAB remain critical for management and early warning for usability [252,255].

However, the functional and taxonomic retrievals are limited in optically complex
waters and under low-light conditions. Figure 16 below shows the performance accuracy of
different products using a,;, (1) and depicts reported accuracy across major retrieval classes.
The comparison shows that some products (e.g., HAB) can be retrieved more reliably,
while more complex products (e.g., PSC, PFT, and primary production) are less accurate.
The accuracy is impacted by the uncertainties attributable to model degeneracy (multiple
possible model solutions) and the optical complexity (complexity of optical measurements),
as discussed in the next section.

Realistically Achievable Performance of Ocean-Color-Derived Biogeophysical Products
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Figure 16. Ocean color-derived products and their accuracy as reported in the literature.

3.2.2. Resolving Optical Degeneracy in Phytoplankton Retrievals

A central challenge in bio-optical remote sensing is optical degeneracy, where Rrs
correspond to discrete biological states. Several studies address this by isolating the effects
of physiological light acclimation (referred to as the pigment packaging effect) due to
biomass or species composition [256-258]. Other researchers separate the effects of cell
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size and pigment composition on a,, (A) to examine ecosystem structure and carbon
cycling. [225,259,260]. Few recent methods acknowledge the many possible solutions
of the inversion problem through probabilistic or mixture-model frameworks [22,261].
Alternatively, few spectral decomposition models extract meaningful products without
imposing rigid pigment assumption bias in optically complex waters [242,262]. Thus, these
transitions reflect a methodological shift from deterministic inversion methods to more
probabilistic and multi-product frameworks.

Despite recent advances, 4y, () retrieval remains constrained by heavy computational
models and more detailed spectral signatures that are still missing in the absence of
hyperspectral data. Therefore, future progress will depend on integrating probabilistic
inversion models with hyperspectral remote sensing and targeted high-resolution in situ
data. This will potentially help with the solution to optical degeneracy and improve
robustness across optically complex waters.

3.2.3. Advancing Phytoplankton Absorption as a Fundamental Geophysical Variable

This area of research focuses on improving the accuracy, stability, and operational
viability of a,;, (1) as an independent geophysical variable. Some of these studies aim
to produce reliable, low-bias products that work across different sensors and remain ro-
bust over longitudinal time scales [263,264]. Others exploit underutilized spectral regions
(predominantly in the red and green bands) to reduce ambiguity in productivity, carbon,
and HAB estimates [156,265,266]. For optically complex turbid waters, semi-analytical
approaches have been extended to quasi-analytical solutions to advance the separation of
apy (A) from non-algal components [267-269]. Some studies also examined time-dependent
changes in ay, (A) to limit spurious trends in the research and avoid seasonal misinterpreta-
tions [270,271]. These studies robustly transpose a,, (A) as a primary geophysical variable
rather than a secondary proxy for chlorophyll concentration.

Advances in bio-optical modeling and machine learning have driven a,, (1) into a
key geophysical variable for studying aquatic ecosystems. Despite improved performance
even in optically complex waters, the transferability across regions remains limited due
to bio-optical variability, sensor constraints, and insufficient calibration. Therefore, the
operational reliability is restrictive at this stage. Future efforts should focus on globally
harmonized a,), (1) products that integrate bio-optical and physio-optical models with
machine learning frameworks.

3.2.4. Extending Ocean Color Observations into the Vertical Dimension

These studies focus on variable retrieval beyond the sea surface and attempt to capture
the vertical column structure of marine ecosystems. Studies targeting vertical PFTs use
absorption and size-class models to infer subsurface ecological structure [186,241]. The
vertical dimension research includes deep chlorophyll maxima [272-275] and bio-optical
models to better represent light attenuation and productivity at different depths across
the water column [257,276], as well as studies on exclusive Arctic ecology focusing on ice
cover, meltwater input, and low-sun-angle effects on vertical absorption profiles [226,277].
Together, these studies extend the traditional two-dimensional surface-based ocean color
paradigm into a three-dimensional ecological framework across the water column to enable
a profile of phytoplankton distributions and oceanic ecosystem dynamics.

With the exception of those efforts, current satellite retrievals are inherently focused on
surface-based products. The vertical structure of the water column is constrained by light
attenuation, optical nonlinearity, and limited depth-dependent calibration data. Progress
toward three-dimensional ecosystem characterization will require integrated frameworks
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combining multi-angular satellite observations with autonomous in situ profiling (e.g., Argo
floats) to better map vertical variability and reduce uncertainty in subsurface retrievals.

3.2.5. Making Optical Measurements Climatically Actionable

The relationships between phytoplankton spectral characteristics, carbon cycling, and
ecosystem productivity have been exploited by measuring a,;, (A) to be translated into
primary productivity and the estimation of carbon stocks [278,279]. These climate models
also advance primary production estimates, pigment class, and size effects more accu-
rately than traditional chlorophyll proxies [233,280,281]. The analysis of size-dependent
absorption correlates spectral information and carbon export processes, thereby providing
a process-based understanding of carbon sequestration in marine systems [225,282]. Thus,
app (A) is evident to be a climatically relevant variable.

Despite optical advances, the reliability of associating bio-optical indicators with carbon
fluxes remains challenging in optically complex and turbid waters. The progress limited by
the dominance of nonlinear ecosystem processes in turbid waters will need to be overcome
by process-based models to robustly integrate 4, (1) with phytoplankton physiology, marine
food web dynamics, and carbon sequestration. This may allow for a more robust conversion of
ocean color data into biogeochemical and climate-relevant insights.

3.2.6. Operational Monitoring of HAB

Studies focusing on monitoring red tides aim to detect the HAB's spatial coverage and
duration through analyzing variations in a,, (A) data and other bio-optical variables [283-286].
Research on HAB early-warning management and mitigation stresses time-series analysis
to distinguish isolated episodic blooms from long-term regional phenomena [287-289]
and enabling predictive insights [290]. This research advocates a,;, (1) observation for a
practical decision-support tool for monitoring and managing extreme ecological events.

Real-time HAB detection still remains constrained by satellite revisit time, seasonal
cloud interference, and limited predictive model maturity. The progress of operational
monitoring may be enhanced by synergistic integration of satellite data with autonomous
in situ data platforms, and using advanced data-assimilative ML forecasting models to
provide regular, spatially well-covered, and actionable bloom events.

3.2.7. Hyperspectral Transition

These studies primarily focus on preparing for upcoming hyperspectral satellite mis-
sions such as PACE (plankton, aerosol, cloud, and ocean ecosystem) that will be exploiting
the full spectrum of ocean color Rrs rather than the limited band spectral variability. Re-
searchers further advocate the use of hyperspectral data to discriminate phytoplankton
communities and ecological states for more precise ecosystem monitoring [261,262,291,292].
The demand for processing large datasets from forthcoming missions needs to be scaled
up using multivariate, heterogeneous data to retrieve more accurate estimates of a,;, (1)
through ensemble and neural network-based ML models [22,265].

The hyperspectral missions introduce massive, heterogeneous datasets that challenge
current computational and calibration frameworks. The full potential of hyperspectral big
data not only demands advanced ML models integrated with robust in situ validation to
enable precisely scalable retrievals but also needs physics-informed grounding to better
comprehend phytoplankton optical and ecological properties.

3.2.8. Summary of a, (1) Research 2015-2025

Over the past decade, ay, (1) research has progressed from chlorophyll-centric surface
retrievals to multivariate applied products inclusive of carbon-related optical derivatives.
These advances enable a robust estimation of phytoplankton (including composition, PSC,
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System Complexity

PFT, and traits) through probabilistic and ML-based inversion. The a,, (1) research is
transitioning from two-dimensional deterministic retrievals to three-dimensional water
column pragmatic products. Integration of hyperspectral, multi-source, and high-resolution
in situ data is enabling ecological mapping and linking the optical proxies to carbon fluxes.
However, key challenges remain in the vertical water column structure retrieval, taxonomic
resolution in complex waters, real-time monitoring of HABs, and scalable hyperspectral
inversion models.

Figure 17 below depicts this progress as discussed in the above sections, positioning
ay, (1) as a central geophysical variable in the ocean system. The associated studies are
summarized in Supplementary Table S2.

Evolution of Phytoplankton Absorption (a;;) Research

From Biomass Proxy to Fundamental Geophysical Variable (2015-2025)

Statistical Summary (n=91):
* Methedology Complexity T

:1.59 avg Target Variables

* System Complexity T:2.21 avg W Spectral a_ph & I0Ps

Recent Focus (2023-2025}):

- 19 studies
« High Complexity Waters: 34 studies Ahmed et al.
* Advanced Methods (Score = 2.5): 6 studies (2017)

Complex Inland/Turbid |
(Lakes, Fjords)

Coastal/Estuarine |
(Case Il)

Open Ocean |
{Case I)

Zhang et al.

Lou et al. Pahlevan et al. W Phytoplankton Types
(2015) (2021)

(2025) B Size Classes
Il Pigment Composition

|

L L
‘Neural Network] PSC Inversion Hyper-VAE ‘ MDN ‘ 0.9 BN Primary Production
Best @ 15-min } =070 R:=0.89.0.95 i Error reduced 2-3x BN HAB Detection

Zhuy, Y. et al.
(2025)

Freshwater 5-groups|
First mapping

Community Structure
N Chl-a & Physiology

Biomass/Carbon
Wang et al.
(2025)

PhA-MOE
R*=0.92.0.98|

Ashphag and Roy.
(2025)

Zheng et al.
(2015)

o
o
c
) . g
. g
. GSCM Meta-Stacking 5
" {edian Ratio 0.91-1.06) O R=0.903 £
e Be ® ¢
o0 g
S
07 @
&
Latest: 2025
T T T 0.5
Empirical/Analytical ML/Statistics Complex Al/ML
(Band Ratios, QAA) (SVR, PLS, Ensemble) (VAE, MDN, Meta-Stacking)
Mett i s istication

Figure 17. Methodological advances in 4, (A) products and variables over the last decade.

4. Challenges and Opportunities in Phytoplankton Absorption Research

This section outlines the trajectory of research, highlighting challenges and opportuni-
ties in the development of theory, methodology, and understanding of spatial-temporal
variability. Despite notable progress discussed above, the key challenges persist, limiting
the comprehensive knowledge of complex marine ecosystems. We have examined a few
of the dominant contemporary impediments and emerging opportunities in the field of
ayp, (A) research as discussed in the section below.

4.1. Complexity of PFT and PSC

The research on ay, () faces persistent challenges in resolving the functional and
structural diversity of marine phytoplankton. Despite methodological advances, research
is constrained by ecological uncertainties, high-resolution and temporal data scarcity, and
the sensitivity of retrievals to parameterization strategies across regional and global spatial
scales [158,293]. Biological complexity, which includes cell size, pigment composition, and
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physiological state, interacts dynamically with environmental drivers impacting highly
variable spectral signatures that complicate model development and validation [294,295].

An accurate characterization of PFTs and PSCs requires careful formulation and a
gradual integration of complexity, complemented by empirical and semi-empirical ap-
proaches. Current gaps include the lack of standardized spectral libraries linking Rrs to
specific PFTs and PSCs, limited understanding of species-specific absorption variability, and
insufficient representation of dynamic environmental responses. Addressing these gaps
presents an opportunity to advance a,, (A) retrievals from bulk proxies toward autonomous,
operational-ready, and ecologically actionable products. Future directions include the sys-
tematic development of PFT/PSC spectral libraries, integration of multivariate datasets,
and application of probabilistic Al frameworks to apprehend ambiguity and complex
environmental interactions of the variables.

4.2. Complexity of Temporal and Spatial Variability

The research on a,), (1) exhibits apparent limitations posed by temporal and spatial
variability (including seasonal cycles, nutrient fluxes, oceanic upwelling/downwelling, and
mesoscale mixing) driven by dynamic physical and biogeochemical processes [158,291].
These processes modulate phytoplankton community composition, size structure, and
pigment distributions, producing highly heterogeneous spectral signatures that challenge
accurate satellite retrieval and predictive modeling [253,296-298].

Time-series observations from ocean color satellites (as listed in Supplementary Table S3)
offer unprecedented potential for quantifying coarse resolution temporal and spatial vari-
ability [299-313]. The existing products (often aggregated monthly or weekly) frequently
fail to resolve fine-scale temporal dynamics, limiting their ecological reliability. The gaps in
data coverage, sensor revisit limitations, and inherent abstraction in derived Rrs products
constrain the functional interpretation of a,;, (1). The integration of high-frequency revisit
satellite data with high-resolution autonomous in situ profile data may enhance temporal
interpolation. The longitudinal studies targeting seasonal and mesoscale variability can
enhance the temporal resolution and ecological relevance of a,, (1) products for robust
mapping of dynamic phytoplankton processes across marine environments.

4.3. Complexity of Data, Measurements, and Methods:

Quantifying a,y, (1) with precision remains constrained by both methodological and
data-centric challenges. In situ data acquisition and processing are severely confounded
by complex optical interactions of species-specific absorption spectra. The environmental
heterogeneity needs robust instrumentation, standardized data protocols, and precise
calibration prior to deployment in the field. The algorithm calibration or validation (or
both) requires highly accurate ground-truth datasets and precise bio-optical or physio-
optical models. The coverage gaps in the data and inconsistencies across acquisition
platforms continue to impede reproducibility (see [291] for a comprehensive insight).

Hence, the data integration represents a critical frontier for synthesizing heterogeneous
temporal, spatial, and spectral multivariate data. Existing resources, including satellite
data archives, cruise datasets, and oceanographic models [21,314], offer unprecedented
opportunities to improve predictive accuracy, resolve optical degeneracy, and reduce uncer-
tainty of ay, (A) retrievals. Thus, computationally proficient data assimilation approaches to
process multi-source high-resolution big data are the key for globally consistent mapping of
apy (A) and phytoplankton-based derivatives. Also, a,;, (1) research signifies the diversity of
measurement approaches (as well as units used). Optical methods directly measure a,;, (1)
coefficients (m~!), whereas biogeochemical methods compute pigments (mg m~3, ug L=1),
cell abundance (cells mL~!), and particle size (um). The remote-sensing methods derive
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apy (A) coefficients (m~1) and the related products from Rrs data (sr™1). Integrating longitu-
dinal data (homogenous or heterogeneous across the scales, instruments, missions, etc.)
provides opportunities to optimize methods for a, (1) applications and monitoring.

4.4. Complexity Around Climate Change Impact Assessment

app (A) has gained ocean-climate coupling significance due to its influence as a vi-
tal variable impacting the biological carbon pump of the ocean [39,102,291], regulating
atmospheric CO, uptake, oxygen production, and climate-relevant feedbacks [315]. Simul-
taneously, climate change is changing the ocean’s temperature, nutrient layers, and marine
chemistry, affecting the phytoplankton and their health, which affects how they absorb
light. This coupled relationship introduces substantial uncertainty in attributing observed
apy (A) variability to climate forcing versus regional ecological dynamics.

The main constraint in integrating climate drivers with bio-optical and biogeochemical
models to predict Ay (A) or vice versa differs at different levels and scales. The nonlinear
responses to temperature, nutrient limitation, and ocean acidification complicate model
parameterization and induce uncertainties in future projections. However, the emerging
opportunities of growing prominence on (regional-to-global) climate impact assessments
are enabling a more robust prediction of phytoplankton—carbon interactions. This can
help improve constrained carbon sequestration estimates and ecosystem feedbacks by
positioning ay; (A) as a critical parameter for progressing coupled ocean-climate prediction
and mitigation strategies.

4.5. Complexity Around Absorption Peaks at 443 nm and 675 nm

The peaks of Aph (A) near 443 nm and 675 nm wavelengths are fundamental to ocean
color remote sensing as they represent strong chlorophyll-a absorption in the blue and
red regions of the visible spectrum [192,316]. The estimates of phytoplankton biomass
and productivity are dependent upon these wavelengths Rs, but interpretation is con-
strained by pigment composition, cell structure, and species diversity variability. This
may also lead to overlapping and non-unique spectral signals impacting accurate inter-
pretation, especially in complex waters. The precise understanding of absorption vari-
ability at 443 nm and 675 nm is therefore critical for reliable ocean color products [157].
The current research aims to improve bio-optical models for different phytoplankton
functional groups, their physiology, and environmental interaction, producing spectral
characteristics. Advances in hyperspectral remote sensing (e.g., PACE) and ML-based
probabilistic models are expected to improve estimation of 4,;, (1) derivatives by isolating
confounding spectral signatures.

5. Conclusions

This review provides a comprehensive synthesis of six decades of ay, (1) research,
with particular emphasis on the transformative advances achieved over the last decade
(2015-2025). By analyzing foundational theory, bibliometric trends, and a systematic eval-
uation of recent methodological developments, we demonstrate that a,;, () research has
evolved from a supporting proxy for chlorophyll estimation into a vital geophysical variable.
This progress further underpins its significance in modern ocean color science, ecosystem
diagnostics, and biogeochemical modeling. Early analytical and quasi-analytical models
have established the physical interpretability linked with IOPs, enabling robust retrievals of
bulk absorption and chlorophyll-based variables even under relatively constrained optical
conditions. However, these methods are proven to be less effective in complex coastal
waters that have rich nutrients, as numerous phytoplankton assemblages coexist, and Rrs
match-up spectral relationships are nonlinear. The last decade was characterized by a signif-
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icant methodological transition toward hybrid, data-driven, and probabilistic frameworks,
which include machine learning, deep learning, and ensemble approaches, consistently
achieving high predictive estimates (R? ~ 0.90-0.96) across diverse aquatic environments.

The advances in spectrally derived a,, (1) retrievals have widened ocean color appli-
cations. Spectral signatures libraries of a,, (A) have progressed to pigment packaging, cell
size, phytoplankton size classes, functional types, and HABs. Improved characterization of
red-band peak-based absorption (~676 nm) could further strengthen estimates of phyto-
plankton carbon biomass and carbon-to-chlorophyll ratios. These advances indicate that
apy (1) is a critical quantity relating cellular phytoplankton physiology with ecosystem-scale
carbon cycling, primary production, and climate processes.

Despite these advances, we found consistent challenges remain regarding optical
degeneracy, which remains a fundamental limitation for corresponding Rrs to phyto-
plankton absorption. Retrieval of the vertical structure of a,;, (A) in the water column
remains challenging due to the surface-focused satellite products. This limitation reduces
retrieval accuracy in distinguishing phytoplankton types, particularly in turbid waters.
Monitoring HABs and extreme events remains limited by high-resolution satellite data,
including its revisit times, cloud interference, and the integration of in situ data with
real-time forecasting systems. However, the recent availability of hyperspectral satellite
data enhances computational and validation challenges to overcome the scalability of
physics-based models in consistency with in situ validation. The field is moving toward
an integrated approach where a,, (1) is a dynamic indicator of the ecosystem. The key pri-
orities for future researchers should remain as follows: combining hyperspectral satellite
data with autonomous in situ observations to map ecosystems in three dimensions; using
ML and physics-based models to better address uncertainty and optical degeneracy; and
linking currently derived products to carbon fluxes and ecosystem processes for real-time
monitoring and early-warning systems.
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