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Highlights

What are the main findings?

• Satellite-based water quality monitoring is heavily influenced by sensor performance,
validation design, and model transferability, with substantial variability in reported
accuracies across different studies.

• A lack of standardised uncertainty quantification and inconsistent validation practices
continues to hinder the reliability and scalability of satellite-derived water quality models.

What are the implications of the main findings?

• These findings underscore the need for a unified framework that integrates robust
validation protocols, multi-sensor harmonisation, and uncertainty-aware modelling to
ensure accurate, transferable, and decision-grade environmental monitoring.

• To address challenges in transferability and operational deployment, the research
highlights the importance of physics-informed models and standardised uncertainty
reporting in developing scalable, reliable water quality monitoring systems.

Abstract

Satellite remote sensing has become essential for water quality assessment across inland
and coastal environments, with rapid improvements in recent years. Significant advances
have been made in detecting optically active parameters (such as chlorophyll-a, suspended
matter, and turbidity), showing consistently strong performance across multiple studies.
Specifically, the median validation performance (R2) derived from the quantitative syn-
thesis indicates R2 = 0.82 for chlorophyll-a (interquartile range—IQR: 0.75–0.90), R2 = 0.80
for total suspended matter (IQR: 0.78–0.85), and R2 = 0.88 for turbidity (IQR: 0.85–0.90).
Conversely, the retrieval of optically inactive parameters (such as nutrients like total phos-
phorus and total nitrogen) remains more context dependent. It exhibits moderate, more
variable results, with median R2 = 0.68 (IQR: 0.64–0.74) for total phosphorus and R2 = 0.75
(IQR: 0.70–0.80) for total nitrogen. These findings clearly illustrate the varying success of re-
trievals of optically active and inactive parameters and underscore the inherent difficulties
of indirect estimation methods. However, high reported accuracy has yet to translate into
transferable, uncertainty-informed, and operational monitoring systems. This gap stems
from structural issues in validation design, physics integration, uncertainty management,
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and multi-sensor compatibility rather than data limitations alone. We present a PRISMA-
guided, distribution-aware quantitative synthesis of 152 peer-reviewed studies (1980–2025),
based on a systematic search protocol, to evaluate satellite-based retrievals of both optically
active and inactive parameters. Instead of simply averaging performance, we analyse the
empirical distributions of validation metrics, considering the validation protocol, sensor
type, parameter category, degree of physics integration, and uncertainty quantification. The
synthesis demonstrates that validation strategy often influences reported results more than
the algorithm class itself, with accuracy inflated under non-independent cross-validation
methods and notable variability between studies concealed by mean-based reports. Across
four decades, four persistent structural challenges remain: limited transferability across
sites and sensors beyond calibration areas; weak or implicit physical integration in many
data-driven models; lack of or inconsistency in uncertainty quantification; and fragmented
multi-sensor harmonisation that restricts operational scalability. To address these issues, we
introduce two evidence-based coding frameworks: a physics-integration taxonomy (P0–P4)
and an uncertainty-quantification hierarchy (U0–U4). Applying these frameworks shows
that most studies remain focused on low-to-moderate levels of physics integration and
primarily consider uncertainty at the prediction stage, with limited attention to upstream
sources throughout the observation and inference process. Building on this structured
synthesis, we propose a transferable, physics-informed, and uncertainty-aware conceptual
framework that links model architecture, validation robustness, and probabilistic uncer-
tainty to well-founded design principles. By shifting satellite water quality modelling from
isolated algorithm demonstrations towards integrated, evidence-based system design, this
study promotes scalable, decision-grade environmental monitoring amid the accelerating
impacts of climate change.

Keywords: satellite remote sensing; water quality retrieval; model transferability;
independent validation; uncertainty quantification; physics-informed machine learning;
multi-sensor integration; environmental monitoring systems

1. Introduction
Escalating freshwater demand driven by population growth, industrial expansion,

and climate-induced hydrological change has imposed unprecedented pressure on inland
and coastal aquatic systems worldwide. These pressures are further intensified by rapid
and spatially heterogeneous warming of lake surface waters, which modifies stratification
regimes, alters biogeochemical cycling, and reduces ecosystem resilience, thereby increas-
ing susceptibility to water quality degradation and harmful algal bloom events [1–3]. Under
these converging stressors, water quality (WQ) monitoring has evolved from a primarily
observational scientific activity into a critical infrastructure for public health protection, reg-
ulatory compliance, and adaptive water resources governance. Although in situ sampling
remains the analytical reference standard supported by established laboratory protocols
and quality-assurance frameworks [4], cost, logistics, and limited spatiotemporal coverage
inherently constrain field-based monitoring networks. These constraints limit their ability
to resolve the high heterogeneity and rapid dynamics of aquatic systems at scales relevant
to operational decision-making. Satellite remote sensing has therefore emerged as a corner-
stone of contemporary WQ monitoring, enabling synoptic, repeatable, and cost-effective
observations across spatial and temporal domains inaccessible to conventional sampling
alone [5,6]. Recent studies have further highlighted rapid advances in satellite-based
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monitoring frameworks, including the integration of machine learning, multi-platform
observations, and data-driven modelling approaches for water quality assessment [7–10].

Early applications using Landsat-class sensors demonstrated the feasibility of retriev-
ing optically active constituents such as chlorophyll-a and suspended particulate matter
in both inland and coastal waters [11,12]. The exploitation of long-term satellite archives
subsequently enabled multi-decadal assessments of water clarity and trophic-state dy-
namics across thousands of lakes and reservoirs [13,14]. Continued advances in sensor
design have expanded monitoring capabilities across both spatial and temporal dimensions,
supporting event-scale analyses of turbidity pulses and bloom dynamics while extending
surveillance to smaller and more morphologically complex inland systems [15–18]. Com-
plementing satellite observations, UAV-borne and proximal sensing systems increasingly
provide ultra-high-resolution data that strengthen calibration and validation, particularly
in optically complex or atmospherically challenging environments [19–22]. Recent de-
velopments further demonstrate the growing role of multi-sensor satellite constellations,
Sentinel-2–based retrieval strategies, and hybrid modelling approaches in improving water
quality monitoring performance across diverse aquatic environments [23–26].

From a process-based perspective, water quality parameters retrieved via remote sens-
ing can be broadly categorised into optically active parameters, which directly influence
water-leaving reflectance (e.g., chlorophyll-a, suspended particulate matter, turbidity), and
optically inactive parameters, which are not directly observable but can be inferred through
indirect pathways such as biogeochemical coupling, proxy relationships, or auxiliary envi-
ronmental data. While optically active parameters have reached a relatively mature stage of
retrieval with increasingly consistent performance across sensors and environments, recent
studies have expanded the scope of satellite-based monitoring to include optically inactive
parameters such as total nitrogen (TN), total phosphorus (TP), and dissolved oxygen (DO),
often through machine learning and hybrid modelling frameworks [7,8,27,28]. Neverthe-
less, the retrieval of these optically inactive parameters remains fundamentally dependent
on context-specific proxy relationships and multi-source data integration, leading to lower
transferability and greater structural uncertainty than for optically active constituents. In
this study, the selection of water quality parameters is explicitly justified based on three
criteria: (i) optical observability and spectral relevance, ensuring representation of pa-
rameters that directly or indirectly influence reflectance; (ii) biogeochemical significance,
capturing key processes governing aquatic ecosystem dynamics (e.g., primary productivity,
sediment transport, nutrient cycling); and (iii) prevalence in the satellite remote sensing
literature, ensuring sufficient empirical evidence for systematic synthesis. This principled
selection framework enables a coherent comparison between optically active and inac-
tive parameter retrievals while preserving relevance to both scientific understanding and
operational monitoring.

Despite substantial advances in observational capacity, the principal constraints on
satellite-based WQ monitoring increasingly arise not from data availability but from how
models are designed, validated, and generalised across sites, sensors, and spatiotemporal
contexts. Reported model performance often reflects site-specific calibration strategies,
validation designs, and sensor-dependent preprocessing choices rather than the model’s
intrinsic capability, introducing systematic biases that inflate reported accuracy and limit
cross-study comparability and operational transferability. Furthermore, uncertainty is
frequently treated implicitly or omitted altogether, constraining interpretability and de-
cision relevance. Recent literature has emphasised these persistent challenges, particu-
larly regarding model generalisation, uncertainty quantification, and the robustness of
machine-learning-based approaches across heterogeneous aquatic environments [8,28,29].
In this sense, satellite-derived WQ retrieval provides a high-impact testbed for broader
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environmental modelling challenges, where validation design, physical consistency, and
uncertainty representation are as critical as algorithmic performance. A central dimension
of this challenge lies in the heterogeneity of contemporary sensing platforms and their oper-
ational trade-offs. Monitoring frameworks now integrate long-archive moderate-resolution
missions (e.g., Landsat), high-resolution constellations (e.g., Sentinel-2/3), climate-scale
sensors (e.g., MODIS/VIIRS), emerging missions such as SDGSAT-1 and GCOM-C/SGLI,
UAV hyperspectral systems, and ground-based IoT spectrometers. Each platform con-
tributes distinct strengths while introducing specific limitations related to spatial resolution,
revisit frequency, atmospheric correction, and calibration consistency. These characteristics
fundamentally condition model transferability and operational scalability.

Crucially, the heterogeneity summarised in Table 1 propagates directly into modelling
uncertainty and limits cross-study comparability. Differences in spatial resolution, revisit
frequency, radiometric stability, and atmospheric-correction dependencies shape match-up
datasets and determine whether models can generalise beyond calibration domains. In
parallel with the evolution of sensing, modelling paradigms for satellite-based WQ retrieval
have undergone a fundamental transition. Early empirical and semi-analytical approaches
grounded in spectral indices and radiative-transfer formulations [30–32] have progres-
sively been complemented by machine-learning (ML) and deep-learning (DL) approaches
capable of capturing nonlinear relationships in optically complex waters [33,34]. While
these approaches often demonstrate strong in-domain performance [35,36], their generali-
sation remains constrained, particularly under non-independent validation schemes that
may inflate reported accuracy. To enable a structured, cross-paradigm evaluation, domi-
nant modelling approaches are synthesised with respect to transferability, interpretability,
uncertainty quantification, and operational readiness.

Table 1. Critical comparison of major remote sensing platforms for water quality monitoring,
highlighting their complementary strengths, limitations, and implications for transferability and
operational deployment.

Sensor Platform Primary Strengths Key Limitations Implications for
Transferability & Operations

Representative
References

Landsat Series (TM,
ETM+, OLI)

Long-term, radiometrically
stable archive (since 1984);

enables historical trend
analysis and interannual
variability assessment.

Moderate spatial resolution
(~30 m) limits applicability in

narrow rivers, small ponds,
and heterogeneous shorelines.

High temporal transferability and
cross-era consistency; limited spatial

transferability in small or
fragmented systems; well-suited as a

baseline sensor in multi-sensor
fusion frameworks.

[37,38]

Sentinel-2/Sentinel-
3 (MSI/OLCI)

High spatial (10–60 m) and
temporal (2–5 days) resolution;
robust for coastal and inland
waters; strong sensitivity to

chl-a and turbidity.

Sentinel-3’s coarse resolution
(~300 m) restricts use in small
lakes; Sentinel-2 lacks thermal

bands, constraining surface
temperature retrievals.

Strong spatial transferability for
inland and coastal waters;

complementary pairing (MSI–OLCI)
enhances cross-scale monitoring but

requires harmonisation and
AC consistency.

[39–42]

MODIS/VIIRS

Daily global coverage;
indispensable for long-term

trend analysis, anomaly
detection, and large-scale

climatic assessments.

Very coarse spatial resolution
(~250–1000 m), restricting
applicability to large lakes,

reservoirs, and open
coastal waters.

High temporal robustness but
limited spatial transferability; best

used for synoptic context or as
temporal constraints in multi-sensor

fusion rather than
standalone retrieval.

[43–45]

UAV/Hyperspectral
Imaging (HSI)

Ultra-high spatial and spectral
resolution; flexible

deployment for targeted,
on-demand monitoring and

algorithm calibration.

Limited spatial coverage; high
operational cost; strong

sensitivity to atmospheric and
illumination conditions.

Excellent local generalisation and
interpretability; poor scalability;
primarily suited for calibration,
validation, and transfer learning

support rather than
regional monitoring.

[21,22,36,46]
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Table 1. Cont.

Sensor Platform Primary Strengths Key Limitations Implications for
Transferability & Operations

Representative
References

SDGSAT-1 (MII)

High signal-to-noise ratio
(≈4–7 × Sentinel-2 MSI); 10 m
spatial resolution; improved
performance in turbid inland

and coastal waters.

Broader spectral bands reduce
sensitivity to specific pigments

(e.g., chl-a); calibration and
atmospheric correction

remain evolving.

Promising for regional transferability
in turbid regimes; requires further

cross-sensor benchmarking and AC
standardisation for

operational adoption.

[47]

GCOM-C/SGLI

Long-term global reflectance
and WQP (chl-a, TSM)

products capture interannual
and seasonal variability.

Blue-band biases;
underestimation at high

chl-a/TSM concentrations;
performance sensitive to AC

scheme selection.

Suitable for large-scale comparative
analyses; limited reliability in

optically complex inland waters
without regional recalibration.

[48]

Ground-based IoT
Hyperspectral

Systems

Real-time, high-frequency
monitoring via fixed or

semi-autonomous
spectrometers; critical for

validation and
uncertainty calibration.

Fixed spatial footprint; high
instrumentation cost;

maintenance requirements.

Essential for uncertainty
quantification and model calibration;
complements satellite/UAV data but

is not a standalone spatial
monitoring solution.

[49]

Despite substantial methodological progress, the comparative synthesis presented
in Table 2 reveals that the evolution of modelling paradigms has not translated into bal-
anced advances across the key dimensions required for operational deployment. Instead,
systematic asymmetries persist across transferability (T), interpretability and physical
consistency (I), uncertainty quantification (UQ), and operational readiness (O), which col-
lectively constrain real-world applicability. First, limited transferability remains a dominant
constraint, as reflected by the predominantly partial or weak performance (△/✗) across
most modelling paradigms in Table 2. Even advanced ML and DL approaches, while pow-
erful at capturing nonlinear relationships, exhibit strong dependence on training-domain
characteristics and frequently degrade in cross-region, cross-sensor, or cross-season applica-
tions [6,50]. Second, insufficient physical interpretability and integration are evident in the
contrast between physics-based and data-driven models in Table 2. While physics-based
approaches achieve high interpretability (✓), they suffer from scalability and operational
limitations, whereas ML/DL models prioritise predictive performance at the expense of
mechanistic transparency (✗). This structural imbalance limits both scientific interpretability
and robustness under changing environmental conditions. Third, uncertainty quantifi-
cation remains fragmented and inconsistently implemented, as indicated by the limited
explicit treatment of UQ across most model classes in Table 2. Even when uncertainty is
addressed (e.g., probabilistic or ensemble approaches), it is often limited to prediction-level
variability. It fails to capture upstream sources of uncertainty, thereby constraining its
utility for decision-making [51,52]. Fourth, operational readiness and multi-sensor integra-
tion remain underdeveloped, with Table 2 highlighting that only a subset of approaches
(primarily empirical or simplified models) achieves high deployability (✓), often at the cost
of reduced generalizability or physical consistency. Conversely, more advanced or hybrid
approaches, while theoretically promising, remain difficult to standardise and scale across
heterogeneous observational systems [5].

Beyond these modelling-related constraints, an additional and fundamentally interact-
ing challenge lies in the optical heterogeneity of aquatic systems. Variations in constituent
composition, bottom reflectance, and water–atmosphere interactions give rise to distinct
optical regimes that directly condition model performance [32]. Optical Water Type (OWT)
frameworks provide a principled basis for stratifying this variability [53], yet as implicitly
reflected in the uneven performance patterns across Table 2, their integration into model
design, validation strategies, and uncertainty characterisation remains limited and non-
systematic. Against this evidence-based backdrop (Table 2), the present study advances
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three primary contributions: (1) a PRISMA-guided, distribution-aware quantitative syn-
thesis of 152 peer-reviewed studies that moves beyond mean-based evaluation toward
empirical performance distributions; (2) the systematic operationalisation of transferability,
validation design, physics integration, and uncertainty through structured coding frame-
works; and (3) the development of a transferable, physics-informed, and uncertainty-aware
conceptual framework that explicitly links sensing configurations, modelling strategies,
and validation protocols into a coherent and operationally consistent design paradigm. By
reframing satellite water quality monitoring from isolated algorithmic performance toward
an integrated, evidence-based system perspective grounded in the comparative insights of
Table 2, this study establishes a reproducible foundation for scalable, uncertainty-aware,
and decision-grade environmental observation [6,54].

Table 2. Analytical comparison of major methodological paradigms for satellite-based water quality
monitoring, evaluating their respective contributions and limitations with respect to four key research
gaps: transferability (T), interpretability and physical consistency (I), uncertainty quantification (UQ),
and operational readiness (O). For each paradigm, ✓indicates aspects that are explicitly addressed in
the literature, △ denotes partial or context-dependent treatment, and ✗ indicates dimensions that
remain largely unaddressed.

Methodological
Paradigm Core Contribution Primary Limitations Relevance to Key Gaps

(T/I/UQ/O)
Representative

References

Empirical Models

Simple and computationally efficient;
foundational for early remote

sensing of water quality and baseline
algorithm development.

Strong site- and
sensor-dependence; limited

scalability and transferability
without frequent recalibration.

T: ✗ (site-specific) I: △
(partially interpretable)

UQ: ✗ O: ✓
(easy to deploy)

[37,55,56]

Physics-Based
Models

Mechanistically grounded in
radiative transfer theory, it provides

physically interpretable and
scientifically transparent retrievals.

Require extensive ancillary inputs;
computationally demanding;

difficult to scale and operationalise
across regions.

T: △ (physics-consistent
but data-limited) I: ✓UQ:

△ (model-based
sensitivity) O: ✗

[57,58]

Machine
Learning (ML)

Effectively capture nonlinear
relationships; robust to noise;

relatively efficient training with
moderate data volumes.

Generalisation is often limited
beyond calibration domains;

uncertainty is typically implicit
or unreported.

T: △ I: ✗ UQ: ✗ O: △ [59–63]

Deep Learning (DL)

Automated feature learning; strong
performance in optically complex

waters; enables super-resolution and
spatiotemporal fusion.

Requires large, labelled datasets;
limited interpretability; high

computational cost; transferability
rarely demonstrated.

T: △ I: ✗ UQ: △ (via
ensembles or Bayesian DL)

O: △
[36,64–68]

Hybrid &
Physics-Informed

Approaches

Combine physical constraints with
data-driven learning; improve
interpretability and robustness;

promising for
cross-domain generalisation.

Methodologically complex; lacks
standardised architectures and

benchmarks; limited
large-scale validation.

T: ✓I: ✓UQ: △ O: △ [69,70]

Probabilistic &
Uncertainty-Aware

Models

Explicitly quantify predictive
uncertainty; support risk-aware and

decision-grade applications.

Increased model complexity,
computational overhead, and

limited adoption in
operational pipelines.

T: △ I: △ UQ: ✓O: △ [39,71,72]

Hybrid &
Novel Indices

Expand anomaly detection and
multi-source integration; useful for

event-focused and
exploratory analyses.

Generalisation across anomaly
types and environmental contexts

remains limited.
T: ✗ I: △ UQ: ✗ O: △ [73–75]

Despite substantial methodological progress, a consistent set of system-level barriers
continues to impede the transition from research-oriented demonstrations to transferable
and decision-grade monitoring systems. Foremost among these is limited transferability:
models calibrated for specific water bodies, optical regimes, or sensor configurations fre-
quently exhibit marked performance degradation when applied across regions, seasons,
or observational platforms [6,8,29]. Closely related is the challenge of interpretability and
physical consistency, particularly for purely data-driven models whose internal represen-
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tations may obscure mechanistic relationships between reflectance and constituents. A
third barrier concerns insufficiently standardised uncertainty quantification, with many
studies reporting deterministic metrics without predictive intervals or calibration diagnos-
tics [7,38,39]. Finally, an operationalisation gap persists, encompassing fragmented multi-
sensor integration, limited interoperability between satellite, UAV, and in situ observations,
and the scarcity of standardised near-real-time processing pipelines [5]. An additional,
underexplored dimension of this challenge is the pronounced optical diversity between
inland and coastal waters. Variability in constituent composition, bottom reflectance, and
water–atmosphere interactions gives rise to distinct optical regimes that fundamentally
condition the performance of algorithms [32]. Optical Water Type (OWT) frameworks offer
a principled mechanism for stratifying this diversity [40], yet their integration into model
design, validation, and uncertainty reporting remains inconsistent. Against this backdrop,
the present study conducts a comprehensive systematic review and quantitative evidence
synthesis of satellite-based water quality monitoring studies published between 1980 and
2025, encompassing 152 peer-reviewed articles. Treating WQ retrieval as an instance of a
broader environmental modelling problem, the analysis interrogates transferability, val-
idation robustness, physics integration, uncertainty characterisation, and optical-regime
diversity as explicit empirical variables rather than assumed properties. Building directly
on the evidence-based synthesis, the study articulates a transferable, physics-informed,
and uncertainty-aware conceptual framework for operational WQ monitoring, accompa-
nied by an open-source implementation roadmap (Appendix A). Collectively, this work
advances satellite-derived water quality monitoring beyond algorithm-centric evaluation
toward a structured, reproducible, and operationally defensible environmental modelling
paradigm [6,41].

2. Methodology
This systematic review was designed and conducted in full accordance with the

PRISMA 2020 reporting guidelines. PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) is a structured reporting framework developed to improve
the transparency, completeness, and reproducibility of systematic reviews by explicitly
guiding the identification, screening, eligibility assessment, and final inclusion of studies.
In the present review, PRISMA was used not merely as a reporting checklist but as an
organising methodological framework to ensure traceable evidence selection and consistent
documentation across all stages of the review process. A review protocol was developed
a priori to define the search strategy, eligibility criteria, quality appraisal framework,
and standardised data-extraction schema before the initiation of screening. Although the
protocol was not formally registered in PROSPERO or OSF, it was finalised before literature
screening and is provided verbatim in Supplementary Protocol S4 to ensure methodological
traceability and allow independent verification. The finalised protocol, together with the
complete per-study and configuration-level dataset comprising 152 peer-reviewed articles,
is provided in Supplementary Table S1 (Excel format) to support transparency, reuse,
replication, and secondary analysis. A completed PRISMA checklist and PRISMA flow
diagram are also included in the Supplementary Materials to document full adherence to
the PRISMA 2020 framework.

Importantly, while recent studies (2022–2026) are cited in the Introduction to provide
an up-to-date contextual overview of advances in satellite-based water quality monitoring,
the systematic review dataset was defined using a fixed search period in line with the
PRISMA protocol. Accordingly, only studies meeting the predefined eligibility criteria
within this search window were included in the quantitative synthesis, resulting in a total
of 152 peer-reviewed articles. This distinction ensures methodological consistency while
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maintaining an up-to-date scientific context. The overarching methodological objective
was to construct a rigorously traceable empirical synthesis of satellite-based water quality
(WQ) monitoring studies published between 1980 and August 2025, to identify structural
and validation-related research gaps, and to establish a defensible analytical foundation
for transferable and uncertainty-aware monitoring frameworks. To operationalise this
objective, the review was implemented through six interlinked components aligned with
the PRISMA workflow: (i) systematic literature search; (ii) screening and eligibility as-
sessment; (iii) reviewer reliability and bias mitigation; (iv) structured quality appraisal;
(v) standardised data extraction and coding; and (vi) transparent workflow documentation.

2.1. Search Strategy

A comprehensive and fully reproducible literature search was conducted across four
major scholarly databases: Web of Science Core Collection, Scopus, IEEE Xplore, and
PubMed. These databases were selected to ensure complementary coverage of environ-
mental sciences, remote sensing, engineering, and applied geosciences. Google Scholar
was used exclusively for backward and forward citation chaining to identify additional
eligible peer-reviewed journal articles not retrieved through primary database searches.
Grey literature, including technical reports, theses, and conference proceedings, was ex-
cluded except where necessary to trace subsequent peer-reviewed journal publications.
The temporal scope extended from January 1980 to 20 August 2025, capturing the full
methodological evolution of satellite-based WQ monitoring, from early multispectral Land-
sat applications to contemporary multi-sensor, machine-learning (ML), deep-learning (DL),
and uncertainty-aware modelling frameworks [22]. Search queries were constructed us-
ing structured Boolean logic and clustered thematic terms organized into four concept
groups: (i) remote sensing and Earth observation; (ii) inland and coastal water systems;
(iii) water quality parameters such as chlorophyll-a, turbidity, total suspended matter,
colored dissolved organic matter, and nutrients; and (iv) modelling paradigms including
empirical regression, physics-based and radiative-transfer approaches, ML, DL, and hybrid
frameworks. Synonyms, abbreviations, and alternative spellings (e.g., “chl-a”) were system-
atically incorporated to maximise recall while maintaining thematic specificity. Complete
database-specific search strings, field tags, applied filters, and execution dates are reported
verbatim in Supplementary Protocol S4.

Database searches yielded 2184 records (Web of Science: 839; Scopus: 620; IEEE
Xplore: 420; PubMed: 305), with an additional 33 records identified through citation
screening. After removal of 161 duplicate records and 38 retracted publications, 2018 unique
records proceeded to title and abstract screening. Of these, 1682 were excluded based on
predefined criteria, and 336 articles underwent full-text assessment. Following full-text
evaluation, 152 peer-reviewed studies satisfied all inclusion criteria and were retained for
qualitative synthesis. The process is summarised in Figure 1, which illustrates the PRISMA
flow diagram of literature search and study selection.

2.2. Screening and Eligibility Criteria

Eligibility criteria were defined using a structured PEO framework adapted for en-
vironmental evidence synthesis. The population/problem dimension comprised inland
and coastal aquatic systems. The exposure dimension was restricted to optical remote
sensing platforms, including satellite, UAV, and airborne systems. The outcome dimension
required explicit quantitative validation of retrieved water quality parameters against in
situ measurements or independent reference datasets. Eligible study types were limited to
peer-reviewed journal articles providing sufficient methodological transparency regarding
sensor characteristics, modelling approach, validation protocol, and reported performance
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metrics. Screening proceeded in two sequential phases. Title and abstract screening ex-
cluded studies that were not relevant to water quality monitoring, used non-optical sensing
approaches, were not in English, were not peer-reviewed, or had incomplete reporting.
Full-text eligibility required explicit reporting of modelling methodology and quantita-
tive validation metrics (e.g., R2, RMSE, MAE, NSE) derived from independent or in situ
datasets. Studies with fewer than ten validation observations, insufficient methodological
transparency, or absent validation reporting were excluded to preserve analytical credibility.

Figure 1. PRISMA flow diagram of literature search and study selection. The diagram summarises the
identification, screening, eligibility assessment, and final inclusion of studies in this systematic review.
Records were retrieved from Web of Science, Scopus, IEEE Xplore, and PubMed, complemented
by citation and reference screening. After duplicate and retracted records were removed, titles and
abstracts were screened, followed by full-text eligibility assessment based on predefined inclusion
criteria. A total of 152 peer-reviewed studies were included in the qualitative synthesis.
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2.3. Reviewer Reliability and Bias Mitigation

All screening and eligibility assessments were conducted independently by two re-
viewers. Disagreements were resolved through structured discussion and, when necessary,
arbitration by a third reviewer. Inter-rater reliability was evaluated on a randomly selected
10% subset of screened records, yielding Cohen’s κ = 0.82, indicating strong agreement. To
further ensure methodological rigour, the reproducibility of the structured coding dimen-
sions introduced in this review was assessed independently. For the physics-integration
coding scheme (P0–P4) and uncertainty-awareness classification (U0–U4), two reviewers
independently coded a randomly selected 15% subset of included studies. Agreement
statistics yielded κ_P = 0.87 and κ_U = 0.84, indicating substantial to near-perfect agreement.
Discrepancies were resolved through consensus review using predefined operational defi-
nitions. Beyond reviewer agreement, multiple bias-mitigation measures were implemented.
Publication bias was minimised by including all relevant peer-reviewed articles irrespective
of reported performance levels. Language bias was reduced by screening non-English
abstracts where available. Additionally, retracted publications were explicitly identified
and excluded before screening to prevent contamination of the evidence base.

2.4. Quality Appraisal and Domain-Specific Risk-of-Bias Assessment

All included studies underwent structured quality appraisal using the Critical Ap-
praisal Skills Program (CASP) framework. Assessment focused on methodological trans-
parency, adequacy and independence of validation data, clarity and consistency of per-
formance reporting, and reproducibility of modelling workflows. In addition to CASP,
a remote-sensing–specific risk-of-bias checklist was applied to capture domain-relevant
methodological risks frequently identified in satellite-based WQ literature [5,6,76]. This
domain-specific appraisal evaluated the independence of the validation design (e.g., avoid-
ance of spatial/temporal leakage in cross-validation), the transparency of atmospheric
correction procedures, the clarity of match-up protocols between satellite and in situ data,
sample-size adequacy, the reporting of preprocessing pipelines, and the explicit handling
of uncertainty and calibration diagnostics. These criteria were used to inform interpretive
weighting and sensitivity analyses, but did not serve as exclusion thresholds. Each study
was categorised into High, Moderate, or Low-quality tiers based on the combined CASP
and domain-specific appraisal (Table 3).

CASP ratings and domain-specific risk flags were incorporated into sensitivity analyses
(Section 4.2) to evaluate whether comparative performance patterns remained stable when
lower-quality or higher-risk studies were excluded.

2.5. Data Extraction, Coding, and Quantitative Synthesis Design

A standardised data-extraction protocol was implemented to support stratified and
distribution-aware quantitative synthesis. For each eligible article, structured variables
were extracted covering bibliographic metadata, geographic context, climate zone, water-
body type, sensor platform, retrieved parameter(s), modelling paradigm (empirical,
physics-based, ML, DL, hybrid), validation strategy (random cross-validation, spatial
holdout, temporal holdout, independent in situ match-up), reported performance metrics
(R2, RMSE, MAE, NSE), and explicitly reported methodological limitations or uncertainty
sources. Data extraction was conducted at the model-configuration level, defined as the
unique combination of study, sensor input, target parameter, modelling approach, and
validation protocol. This preserves analytical granularity while maintaining full trace-
ability to the originating publication. Because configuration-level observations within a
single study are not statistically independent, within-study dependency was explicitly
controlled. Configuration-level results were not treated as independent effect sizes. Study
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identity was retained throughout all analyses, and quantitative synthesis relied on strati-
fied distribution-based summaries rather than pooled means to avoid pseudo-replication.
Potential datasets that overlapped across studies were assessed using rule-based prove-
nance tracking based on reported study locations, temporal coverage, sensor acquisition
periods, and data sources. When substantial overlap was identified, unique Dataset-IDs
were assigned and flagged in Supplementary Table S3 to prevent artificial inflation of
evidence. Given substantial heterogeneity in reported performance metrics, validation
designs, sample sizes, and reporting conventions across the literature, formal effect-size
meta-analysis or meta-regression was deemed methodologically inappropriate. Reported
metrics were frequently derived from non-comparable validation schemes, heterogeneous
sample sizes, and selective reporting of best-performing configurations, introducing po-
tential best-model reporting bias. Accordingly, a distribution-aware quantitative synthesis
approach was adopted, emphasising medians, interquartile ranges, and dispersion patterns
within stratified groups [22]. This design preserves between-study variability and avoids
over-interpretation of heterogeneous evidence while maintaining consistency with prevail-
ing reporting practices in satellite-based WQ research. The complete extraction database,
including Dataset-IDs and coding variables, is provided in Supplementary Table S1 to
ensure full methodological transparency.

Table 3. Quality appraisal was conducted using the Critical Appraisal Skills Programme (CASP)
checklist, focusing on transparency, validation adequacy, reporting clarity, and reproducibility. While all
studies that met the inclusion criteria were retained for qualitative synthesis, sensitivity analyses were
performed to assess the influence of lower-quality studies on quantitative performance summaries.

Quality Tier Number of
Studies (n)

Percentage of
Total (%) Interpretation for Quantitative Synthesis

High n(High) (n(High)/152) × 100

Comprehensive methodological reporting;
independent or well-defined validation; high
reproducibility. Results are considered highly

reliable for comparative synthesis.

Moderate n(Moderate) (n(Moderate)/152) ×
100

Adequate methodological detail and validation,
with minor limitations in reporting or

reproducibility. Included in synthesis with
caution in interpretation.

Low n(Low) (n(Low)/152) × 100
Limited transparency and/or weak validation
design. Retained for qualitative completeness

but evaluated separately in sensitivity analyses.

Total 152 100 —

2.6. Workflow Transparency

All stages of identification, screening, eligibility assessment, coding, risk-of-bias ap-
praisal, and data handling adhered strictly to PRISMA 2020 standards. Detailed docu-
mentation of decision rules, operational definitions, coding frameworks (P0–P4; U0–U4),
provenance-tracking procedures, and sensitivity-analysis logic is provided in the Supple-
mentary Materials to ensure complete methodological traceability and reproducibility.

3. Results/Thematic Synthesis
Based on a systematic review of 152 peer-reviewed studies, this section synthesises

evidence at the model-configuration level to identify structural patterns that condition
the robustness and operational credibility of satellite-based water quality (WQ) monitor-
ing. Rather than cataloguing individual results, the synthesis integrates distributions of
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reported performance and study designs across sensor classes, target parameters, mod-
elling paradigms, and validation protocols, with prior reviews used only to contextualise
recurring themes [19,77]. Evidence maps and stratified meta-summaries reveal consistent
co-occurrence between modelling choices and reported skill, including (i) strong depen-
dence of reported accuracy on validation design (e.g., internal cross-validation versus
spatial/temporal hold-out), (ii) uneven evidence coverage across sensors and parameters,
and (iii) a persistent disconnect between methodological sophistication and explicit un-
certainty reporting. The organising logic for the results is summarised in Figure 2, which
provides an end-to-end conceptual sequence linking (a) multi-source observations (satellite,
UAV, in situ), (b) preprocessing and feature construction, (c) model structure and physics
integration, (d) validation design, and (e) uncertainty representation and decision-support
suitability [78]. The subsequent subsections follow this sequence: we first characterise
the evidence base in terms of sensor platforms and study geography, then summarise
parameter-dependent retrievability and model families, and finally quantify how valida-
tion design and uncertainty practices systematically shape the credibility and transferability
of reported WQ retrieval performance.

 

Figure 2. Conceptual framework for uncertainty-aware satellite-based water quality monitoring,
integrating multi-source Earth observation and in situ data with physics-informed and data-driven
modelling, iterative validation, and downstream mapping, trend analysis, and decision-support
applications. Solid arrows indicate the primary data processing and modelling workflow, bidirectional
arrows represent iterative refinement between model development and validation, and dashed arrows
denote uncertainty propagation and indirect linkages between components. The visual layout of this
conceptual figure was developed using a generative artificial intelligence tool to support graphical
composition; all scientific content, structure, and interpretation were fully designed, verified, and
validated by the authors. The use of AI was limited strictly to visualisation support and did not
influence the study design, data analysis, or scientific conclusions.
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3.1. Sensor Platforms

The configuration-level synthesis of 152 peer-reviewed studies reveals a highly struc-
tured yet non-uniform distribution of sensor usage in satellite-based water quality (WQ)
monitoring. Open-access multispectral missions, most prominently the Landsat and Sen-
tinel series, account for the majority of reported retrieval configurations in inland sys-
tems [79–81]. Their recurring selection reflects a consistent combination of moderate spatial
resolution (10–30 m), radiometric stability, multi-decadal continuity, and unrestricted
global accessibility, characteristics that enable reproducible regional-to-continental anal-
yses of lakes and rivers under heterogeneous environmental conditions [82,83]. Across
the reviewed evidence base, these attributes are repeatedly associated with stable tem-
poral comparability of reflectance products and with the feasibility of inter-annual trend
analyses, particularly when validation protocols explicitly incorporate multi-season or
multi-year matchups.

Within this dominant multispectral class, Sentinel-2 MSI is particularly prominent
in studies targeting small, morphologically complex, or optically dynamic inland wa-
ters. Its 10–20 m spatial resolution, inclusion of red-edge bands sensitive to chlorophyll-
a absorption–fluorescence dynamics, and shortwave infrared (SWIR) bands (~1.61 and
~2.19 µm) used for turbidity discrimination, atmospheric correction, and land–water mask-
ing provide spectral configurations that align closely with optically active water quality
parameters [30,84]. Across reviewed model configurations, Sentinel-2–based retrievals
are frequently reported in conjunction with machine-learning or hybrid approaches, and
several recent deployment-oriented studies indicate that quantisation-aware and hardware-
optimised architectures can reduce computational overhead without substantial degra-
dation of predictive skill [68,85]. In parallel, Landsat-9 ensures continuity of the longest
global reflectance archive for inland waters, supporting multi-decadal assessments of
trophic evolution, sediment dynamics, and temporal generalisation experiments that rely
on long-term radiometric consistency [86]. For large lakes and coastal environments, the
configuration distribution shifts toward sensors emphasising temporal density over spatial
detail. MODIS and VIIRS are frequently used in basin- and global-scale analyses due to
their near-daily revisit frequency and long-term observational continuity, particularly in
studies of algal bloom dynamics and sediment transport [87,88]. However, their coarse
spatial resolution (250–1000 m) limits applicability to narrow, heterogeneous, or small
inland systems, reinforcing a persistent spatiotemporal trade-off that constrains reported
transferability across water-body types [1,45]. Sentinel-3 OLCI partially mitigates this
trade-off by combining daily revisit capability with enhanced spectral resolution and is
frequently used for total suspended matter (TSM) retrieval over large inland and coastal
waters [38,41]. Emerging missions such as GCOM-C/SGLI and SDGSAT-1 appear in a
smaller but growing subset of studies. Multi-year evaluations report effective trend capture
for selected parameters, yet also document wavelength-dependent biases and sensitivity
constraints associated with atmospheric correction schemes and band configuration [47,48].

Beyond single-sensor usage, multi-sensor harmonisation and data fusion are recur-
rent methodological strategies within the reviewed corpus. Integrating Landsat, Sentinel,
MODIS, and UAV or hyperspectral observations is commonly used to construct time se-
ries that balance spatial resolution, temporal density, and continuity [89–91]. However,
configuration-level coding indicates that such integration introduces additional sources of
uncertainty related to cross-sensor radiometric calibration, atmospheric correction consis-
tency, and preprocessing heterogeneity. Studies incorporating meteorological or land-use
covariates report improved explanatory performance for parameters such as turbidity
and nutrients in selected contexts. Yet these gains remain region-specific and are not uni-
formly validated in spatially independent tests [75]. At sub-satellite scales, UAV-mounted
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hyperspectral platforms and ground-based micro-hyperspectral spectrometers appear
primarily in calibration-intensive or algorithm-development studies. UAV systems con-
sistently demonstrate enhanced constituent discrimination under controlled conditions,
attributable to high spectral resolution and flexible acquisition timing. Still, their lim-
ited spatial coverage and calibration burden restrict their operational scalability [22,46].
Ground-based micro-hyper spectrometers, by contrast, enable high-frequency autonomous
measurements (350–950 nm range), thereby increasing match-up density for calibration,
validation, and uncertainty analysis of satellite-derived products [49]. Taken collectively,
the evidence does not support the primacy of any single observational platform across all
parameter classes, spatial scales, and validation designs. Instead, the reviewed studies
demonstrate a structured alignment between sensor characteristics and target application
domains: moderate-resolution open-access satellites dominate inland parameter retrieval,
high-revisit sensors support large-scale bloom and sediment monitoring, and hyperspec-
tral or in situ systems serve diagnostic and calibration functions. Table 4 synthesises
these platform characteristics and their empirically observed roles, while Figure 3 illus-
trates the geographic clustering of sensor usage and highlights spatial biases within the
evidence base. These distributional patterns provide the empirical foundation for sub-
sequent analysis of transferability, validation design, and uncertainty practices across
sensor–model configurations.

Table 4. Comparative synthesis of satellite, UAV, and complementary ground platforms for water
quality monitoring.

Platform Key Strengths Primary Limitations Best Use Cases Representative
References

Landsat series
(e.g., L8, L9)

Long-term archive since 1984;
radiometric stability; global free
access; includes thermal & SWIR

bands for multiple WQPs

30 m limits small rivers/lakes;
16-day revisit; cloud cover

Multi-decadal trend analysis;
regional monitoring;

historical reconstructions
[37,38,79]

Sentinel-2 MSI

10–20 m detail; red-edge & SWIR
bands; global free access; strong for

Chl-a, TSM; edge-ready ML
deployment (QAT)

5-day revisit may miss rapid
change; sensitive to

cloud/adjacency; SWIR bands
broader than hyperspectral

Small/dynamic inland waters;
HAB detection; turbidity/TSM

mapping; real-time
inference pilots

[39–41,43,64,68]

Sentinel-3 OLCI Daily revisit; rich spectral coverage;
strong for large lakes/coastal TSM

300 m coarse resolution;
limited

small-water applicability

Large-lake/coastal monitoring;
bloom & sediment dynamics [38,41]

MODIS/VIIRS
Daily to near-daily global coverage;
multi-decadal archive; effective for

blooms and sediment transport

250–1000 m pixel size;
unsuitable for small waters;
non-optical WQPs poorly

resolved

Global HAB monitoring;
climate-trend detection [43–45,92]

GCOM-C/SGLI Broad spectral range; demonstrated
interannual trend detection

AC-scheme-dependent biases;
weaker at UV–blue

Complementary to MODIS/S3
for Chl-a & TSM [47]

SDGSAT-1 MII High SNR (4–7× S2 MSI); 10 m
spatial fidelity; effective for SPM

Broader bands reduce Chl-a
sensitivity; AC limitations

in NIR

Fine-scale SPM mapping;
urban/coastal regions [93]

UAV/Airborne
Hyperspectral

Very high spatial & spectral
resolution; on-demand; strong for

constituent discrimination;
outperforms in situ heavy sampling

Limited spatial coverage;
expensive;

calibration-intensive

Pilot studies; algorithm dev.;
calibration/validation [20,22,46,94]

Ground-based
Micro-

hyperspectrometer

Autonomous, high-frequency,
real-time (350–950 nm); high R2 for

Chl-a, TP, TN

Stationary; interference;
hardware cost

Continuous local monitoring;
calibration/validation;

ML training
[49]

To complement the sensor-based overview presented in Table 4, the spatial distribution
of the reviewed studies is summarised in Figure 3. The figure provides an aggregated
representation of the geographic coverage of the 152 studies included in this review, based
on the study regions reported in the original publications. Study locations are shown at con-
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tinental and sub-continental scales to ensure consistency across studies with heterogeneous
spatial reporting. Water quality parameters investigated at each location are indicated to
reflect the breadth of parameter coverage across regions, providing a descriptive overview
of the spatial footprint of the reviewed literature before the presentation of algorithmic,
validation, and uncertainty-related results.

Figure 3. Geographic distribution and regional bias of satellite-based water quality retrieval studies.
The map summarises the spatial distribution of the 152 reviewed studies, aggregated at continental
and sub-continental scales based on reported study locations. Symbol colours denote the primary
water quality parameters investigated (e.g., chlorophyll-a, turbidity/TSM, nutrients, CDOM), reveal-
ing pronounced geographic clustering and the under-representation of several regions. Locations
are presented at an aggregated regional level, as many studies do not report precise geographic
coordinates. The graphical composition of this figure was supported by a generative artificial intelli-
gence tool to facilitate cartographic visualisation; however, all underlying data compilation, spatial
aggregation, categorisation, and scientific interpretation were conducted and rigorously verified by
the authors. The use of AI was limited to visual rendering and did not influence the study’s data,
analysis, or conclusions.

3.2. Target Parameters

The configuration-level synthesis of 152 peer-reviewed studies demonstrates a clear
structural concentration of satellite-based water quality (WQ) retrieval on optically active
constituents characterised by diagnostically strong spectral signatures. As summarized in
Table 5, chlorophyll-a (Chl-a), total suspended matter (TSM) and turbidity, and colored dis-
solved organic matter (CDOM) account for the majority of reported retrieval configurations,
whereas non-optical or weakly optical parameters including total phosphorus (TP), total
nitrogen (TN), ammoniacal nitrogen (NH3-N), dissolved organic carbon (DOC), and related
chemical indicators remain comparatively underrepresented [95,96]. This distribution
reflects a fundamental radiative constraint: parameters exhibiting distinct absorption or
scattering features within multispectral band configurations are inherently more retrievable
than those requiring indirect statistical inference. As further detailed in Table 5, this struc-
tural asymmetry is consistently reflected in the alignment between parameter type, sensor
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capability, and dominant modelling strategies across the reviewed studies. Chlorophyll-a
remains the most frequently targeted indicator, consistent with its ecological role as a
proxy for algal biomass and trophic state [97]. Retrieval approaches consistently exploit
its characteristic absorption features in the blue (~440 nm) and red (~665 nm) regions, as
well as its reflectance and fluorescence peaks in the red-edge domain (~705–710 nm) [30,31].
The introduction of red-edge bands in Sentinel-2 MSI has expanded retrieval capability in
optically complex inland waters, particularly in conditions where blue–green algorithms
are confounded by CDOM or suspended sediments [17,84]. Recent machine learning (ML)
and deep learning (DL) implementations, including Random Forest and CNN-based ar-
chitectures, report high predictive performance under internally validated or site-specific
conditions, with several studies documenting R2 values exceeding 0.9 [64,67]. However,
stratified evidence across the reviewed configurations indicates that such performance
frequently declines under spatially or temporally independent validation, highlighting the
sensitivity of reported accuracy to validation design and domain representativeness.

TSM and turbidity form the second dominant parameter class, reflecting their im-
portance for water clarity, sediment transport, and ecosystem light regimes [98]. Re-
trieval exploits strong particle backscattering in the red and near-infrared (NIR) spectral
regions [99,100]. Empirical band ratios remain prevalent in locally calibrated contexts,
whereas physics-based radiative transfer (RT) models and ML approaches extend their
applicability to broader concentration ranges. Multi-year Sentinel-2 analyses incorporating
meteorological drivers have improved explanatory characterisation of turbidity regimes
in reservoir systems [75], and quantisation-aware CNN architectures have demonstrated
edge-deployable TSS retrieval under constrained computational settings [68]. Nonetheless,
reflectance saturation at high sediment loads, variability in particle composition, adjacency
effects, and sensitivity to atmospheric correction remain recurrent constraints on transfer-
ability. CDOM retrieval remains structurally more challenging despite its strong UV–blue
absorption (~350–450 nm) [101,102]. In inland waters, spectral covariance with Chl-a
and TSM complicates signal separation [103,104]. Physics-based inversion methods and
multi-sensor fusion have improved robustness in selected systems [32,105], and UAV-based
hyperspectral campaigns enhance diagnostic discrimination due to finer spectral resolu-
tion [46]. However, uncertainty in atmospheric correction and low signal-to-noise ratios
in the blue region continue to constrain cross-site generalisation. Nutrient retrieval (TP,
TN, NH3-N) and other optically inactive constituents represent the current methodological
frontier and highlight the structural limitations of purely radiative approaches. As reflected
in Table 5, these parameters are not directly observable but are inferred through indirect
relationships with optical proxies (e.g., Chl-a, CDOM, TSM) and auxiliary environmental
drivers. Three dominant inference pathways can be identified across the reviewed studies.
First, the biological proxy pathway links nutrients to phytoplankton dynamics via Chl-a,
typically exhibiting stronger correlations in eutrophic or bloom-dominated systems but
weakening under decoupled conditions. Second, the organic matter pathway links nutri-
ents to CDOM or DOC signals, although these relationships are highly context-dependent
and often confounded by terrestrial inputs. Third, the hydrological sediment pathway
connects nutrient dynamics to suspended matter and runoff-driven processes, resulting
in temporally variable and event-sensitive relationships. These pathways indicate that
correlations between non-optical parameters and optical proxies are neither uniform nor
stable, but instead depend on optical regime, seasonality, and watershed forcing. Con-
sequently, reported retrieval performance reflects not only model capability but also the
stability of these proxy relationships. Recent ML-driven studies report moderate-to-high
in-domain performance (e.g., R2 ≈ 0.78 for TP using Random Forest), yet these results
are rarely transferable across regions or seasons. As summarised in Table 5, successful
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retrieval of non-optical parameters typically requires integrating auxiliary data sources,
including meteorological variables, land-use characteristics, and in situ observations, which
improve model performance by constraining contextual variability rather than directly en-
hancing observability. Overall, the synthesis in Table 5 highlights a fundamental structural
distinction: while optically active parameters benefit from strong radiative signals that
support transferable retrieval, non-optical parameters rely on indirect, context-dependent
inference pathways that limit generalizability. This asymmetry forms a key basis for the
transferability and uncertainty patterns examined in subsequent sections.

Table 5. Comparative synthesis of key water quality parameters, their dominant optical properties,
commonly used sensors, retrieval approaches, and representative references.

Parameter Primary Optical Property Key Sensors Used Common Methodological
Approaches

Representative
References

Chlorophyll-a
(Chl-a)

Absorption in blue
(~440 nm),

reflectance/fluorescence
in red-edge (~670–710 nm)

Sentinel-2, Landsat 8/9,
Sentinel-3,

MODIS, Hyperspectral

Band ratios; ML (RF, SVR);
DL (CNNs); global
CNN frameworks

[38,60,64,67]

TSM &
Turbidity

Strong backscattering in
red/NIR

Sentinel-2, Landsat 8/9,
Sentinel-3, MODIS,
UAV hyperspectral

Empirical ratios;
physics-based RT models;

ML (RF, XGB);
edge-ready DL

[43,45,68,75]

CDOM Strong absorption in
UV–blue (≈350–450 nm)

Sentinel-2, Landsat 8/9,
UAV/Hyperspectral

Physics-based inversion;
ML/DL;

multi-sensor fusion
[11,46,58,91,106]

Nutrients (TP,
TN,

NH3-N, DOC)

Optically inactive; inferred
via correlations with

surrogates (Chl-a, CDOM)
+ contextual drivers

Sentinel-2, Landsat 8/9,
Hyperspectral +

ancillary (land use,
meteorology, IoT)

ML/DL (RF, Extra Trees,
XGBoost, CNN); SHAP

feature attribution;
indirect statistical models

[35,42,62,78,96]

While Table 5 organises retrieval patterns by parameter class and methodological
family, a complementary spectral physical synthesis is required to explain why certain
parameters exhibit higher stability and transferability across sensor platforms. Retrieval
success is fundamentally governed by radiative transfer interactions between water con-
stituents and incident radiation, with robustness depending on the strength, separability,
and signal-to-noise characteristics of diagnostic spectral features within the available band
configurations. As explicitly synthesised in Table 6, these radiative–physical properties
determine not only detectability but also the extent to which retrieval relationships can
be generalised across sensors and environmental conditions. Parameters with strong
and well-separated spectral features, such as chlorophyll-a, benefit from physically in-
terpretable absorption and reflectance signals (e.g., blue and red absorption, red-edge
reflectance peaks), enabling relatively robust retrieval across platforms, albeit with known
limitations such as adjacency effects and constituent covariance [38,84]. Similarly, TSM
retrieval leverages monotonic red/NIR backscattering responses, but, as summarised in
Table 6, reflectance saturation, particle-composition variability, and atmospheric-correction
sensitivity constrain extrapolation beyond calibrated ranges [98,99]. In contrast, parameters
with weaker or overlapping spectral signatures exhibit substantially greater sensitivity
to confounding effects. CDOM, despite its strong UV–blue absorption, is highly suscep-
tible to spectral overlap with Chl-a and TSM, as well as to uncertainties in atmospheric
correction, particularly in inland waters with low signal-to-noise ratios. These limitations,
detailed in Table 6, reduce the separability of spectral signals and constrain cross-site
generalisation [101,103,104].

The limitations become most pronounced for optically inactive parameters. As indi-
cated in Table 6, nutrient-related variables (TP, TN) and other non-optical indicators lack
intrinsic spectral responses and are therefore inferred through indirect, context-dependent
relationships with optical proxies and auxiliary drivers. This weak radiative linkage results
in high sensitivity to domain shift, calibration bias, and variability in proxy stability. Simi-
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larly, dissolved oxygen and Secchi depth are indirectly inferred from surrogate indicators
of water clarity or biological activity, which limits their robustness and transferability [67].
Collectively, the synthesis across Tables 5 and 6 demonstrates that parameter retrievability
in satellite-based WQ monitoring is constrained not only by algorithmic sophistication but
fundamentally by radiative–physical structure, spectral separability, and the stability of
proxy relationships. These structural asymmetries explain why optically active parameters
exhibit higher transferability, while non-optical parameters remain strongly context depen-
dent. This distinction provides the empirical foundation for the transferability limitations
and uncertainty propagation patterns analysed in subsequent sections.

Table 6. Spectral sensitivity and band summary for major water quality parameters retrieved from
satellite observations. The table synthesises dominant spectral features, key wavelength ranges,
and sensor support across the reviewed literature, while highlighting common failure modes that
constrain transferability and robustness, particularly for optically inactive parameters.

Parameter Dominant
Spectral Features

Key
Bands/Wavelength

Ranges (nm)
Best-Supported Sensors Typical Failure

Modes & Limitations
Representative

References

Chlorophyll-a
(Chl-a)

Strong absorption in
blue and red; re-

flectance/fluorescence
peak in red-edge

Absorption: ~440,
~665; Red-edge peak:

~705–710; NIR
shoulder: ~740

Sentinel-2 MSI (red-edge
bands); Sentinel-3 OLCI;

Landsat-8/9 (limited
red-edge via proxies);
MODIS/VIIRS (large

waters);
UAV hyperspectral

Adjacency effects in
small waters; AC
sensitivity in blue;
saturation at high

biomass; CDOM/TSM
confounding

[17,30,38,84]

Total Suspended
Matter

(TSM)/Turbidity

Strong backscattering
in red and NIR;

monotonic reflectance
increase

with concentration

Red: ~620–670; NIR:
~700–900; SWIR
(~1610–2190) for

masking &
high loads

Sentinel-2 MSI;
Landsat-8/9 OLI;

Sentinel-3 OLCI (large
lakes/coastal);
MODIS/VIIRS;

UAV hyperspectral

Reflectance saturation
at high loads; particle

composition variability;
AC errors;

adjacency effects

[45,90,98,99]

CDOM
Strong absorption in
UV–blue; weak direct

signal beyond ~500 nm

UV–blue: ~350–450;
blue–green ratios

~412–490

Sentinel-2 MSI;
Landsat-8/9 (limited

blue); UAV hyperspectral;
Sentinel-3 OLCI
(large waters)

Severe confounding
with Chl-a and TSM;

high AC sensitivity in
blue; low SNR in

inland waters

[32,101,103,104]

Nutrients (TP,
TN)

Optically inactive;
inferred via

correlations with
optical surrogates and

contextual drivers

Indirect: Chl-a (~705),
CDOM (~412–443),
TSM (red/NIR) +
ancillary variables

Sentinel-2 MSI;
Landsat-8/9; UAV

hyperspectral (local);
fusion with in

situ/ancillary data

Weak physical linkage;
site/season

dependence; limited
generalizability; strong

model bias risk

[13,62,78,96]

Dissolved
Oxygen

(DO)/Secchi depth

No direct spectral
signature; inferred via

clarity or
biological proxies

Indirect: blue–green
ratios; NIR

backscattering
(Secchi)

Landsat-8/9; Sentinel-2
MSI; MODIS
(large waters)

Very low robustness;
indirect inference only;
strong dependence on

calibration context

[12,13,67]

To further systematise the inversion mechanisms of optically inactive water quality
parameters, Table 7 provides an evidence-informed synthesis of dominant proxy relation-
ships, underlying inference pathways, and the role of auxiliary data in improving retrieval
performance. While Table 6 highlights the spectral limitations and weak radiative linkage of
these parameters, the synthesis in Table 7 focuses on how indirect, context-dependent rela-
tionships are operationalised within retrieval models. Emphasis is placed on the variability
of proxy strength, the contribution of auxiliary data (e.g., meteorological and land-use
information), and the resulting implications for model selection and transferability.

3.3. Algorithms & Models

The effectiveness of remote sensing–based retrieval of water quality parameters is
fundamentally governed by algorithmic design, which shapes not only predictive accuracy
but also transferability, interpretability, and operational feasibility. Across the reviewed
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literature, a consistent methodological evolution is evident: early empirical regressions
and semi-analytical formulations were progressively complemented first by physics-based
bio-optical approaches and, more recently, by machine learning (ML) and deep learning
(DL) frameworks. This trajectory is widely recognised as reflecting persistent trade-offs
among simplicity, physical consistency, generalisation across optical regimes, and opera-
tional scalability [41,72]. Empirical and semi-analytical models dominated early remote
sensing applications for water quality monitoring. These methods typically employ band
ratios or regression relationships between spectral reflectance and in situ measurements
and remain attractive for their computational efficiency and simplicity of implementation.
However, systematic evidence indicates that their reliance on site-specific calibration often
limits transferability, especially in optically complex inland and coastal waters, where
constituent interactions vary substantially [107–109]. Physics-based models, most notably
bio-optical radiative transfer formulations and semi-analytical inversion schemes, offer
a mechanistic foundation by explicitly representing light–constituent interactions. When
underlying optical assumptions and inherent optical properties are appropriately charac-
terised, these approaches provide stronger interpretability and physical consistency than
purely empirical regressions. Nonetheless, their reliance on ancillary inputs, sensitivity
to atmospheric correction and parameterisation, and comparatively high computational
complexity can restrict routine operational deployment at scale [110,111]. The rise in ML
paralleled advances in computational capacity and the increasing availability of multi-
sensor datasets and cloud-based processing environments. Algorithms such as Random
Forest (RF), Support Vector Regression (SVR), and boosting methods have repeatedly
demonstrated a strong capacity to capture nonlinear relationships between reflectance and
water quality parameters [59,61]. Notably, tree-based ensembles have shown practical util-
ity for optically weak or non-optical parameters (e.g., nutrients) when contextual covariates
or multi-source inputs are available [62,92]. However, a recurring limitation is sensitivity
to training-data representativeness: strong cross-validation performance may not translate
to out-of-domain deployment across regions, seasons, or sensors, highlighting persistent
generalisation risks [96,112].

DL represents the most recent methodological frontier in this domain. CNN-based
models and spatiotemporal hybrid architectures (e.g., CNN–LSTM) enable automated
feature extraction and can outperform conventional baselines across heterogeneous aquatic
environments, including applications leveraging long-term Landsat archives and Sentinel
platforms [113]. Nevertheless, DL models often require large and representative labelled
datasets, can be computationally demanding, and frequently remain difficult to interpret,
which constitutes a critical limitation in decision-support contexts [34,114]. Recent work on
deployment-oriented optimisation (e.g., quantisation and edge-oriented inference) indicates
that operational constraints are increasingly being addressed alongside accuracy considera-
tions [68]. Beyond the conventional labelling of models as “empirical,” “physics-based,” or
“learning-based,” the reviewed literature demonstrates that physical knowledge can be in-
corporated into learning workflows at multiple, qualitatively distinct levels. These include
physics-guided feature design or optical water type guidance, simulation- or physics-
motivated priors, and more tightly coupled hybridisation strategies that seek to improve
physical consistency and robustness beyond calibration domains [96,114]. To consistently
distinguish the degree to which physical knowledge is operationalised within model config-
urations, this review adopts the physics-integration coding scheme summarised in Table 8
(P0–P4). This coding is applied at the model-configuration level to preserve analytical
granularity when multiple approaches are reported within a single study.
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Table 7. Evidence-informed synthesis of inversion pathways for optically inactive water quality
parameters. The table summarises dominant optical proxies, underlying inference pathways, and the
role of auxiliary data in supporting the retrieval of non-optical constituents (e.g., nutrients and DOC).
Rather than representing direct spectral observability, these relationships reflect context-dependent
associations mediated by biological, organic, and hydrological processes. The synthesis highlights
how auxiliary data (e.g., meteorological variables, land use, and in situ observations) improve
retrieval performance by constraining environmental variability, while also emphasising the inherent
limitations of transferability due to proxy instability and domain dependence.

Target
Parameter

Dominant
Optical Proxies Inference Pathway Typical Auxiliary

Data

Reported
Role/Improvement

Mechanism

Main Limitations to
Generalisation

Suitable Modelling
Strategies

TP (Total
Phosphorus)

Chl-a
(red-edge),

CDOM (blue),
TSM (red/NIR)

Biological +
hydrological

coupling

Land use,
precipitation, runoff,

temperature

Improves contextual
interpretation of nutrient

enrichment and
runoff-driven variability

Strong seasonal
dependence; proxy

instability;
watershed heterogeneity

ML/DL (RF,
XGBoost, CNN);

hybrid models with
contextual inputs

TN (Total
Nitrogen)

Chl-a
(red-edge),

CDOM (blue)

Biological + organic
matter linkage

Meteorological
variables, watershed
characteristics, and

rainfall events

Enhances detection
under bloom or
rainfall-driven

conditions

Weak direct linkage; strong
domain shift sensitivity;

event-dependence

ML/DL with
stratification

(seasonal/regime-
aware models)

NH3-N Chl-a (indirect),
CDOM

Weak
biological coupling

Temperature, pH,
and

seasonal indicators

Supports indirect
inference via

ecosystem state

Highly unstable
correlations; strong
temporal variability;

limited transferability

ML (Extra Trees,
XGBoost) with

feature attribution
(e.g., SHAP)

DOC

CDOM
(UV–blue),

Chl-a
(secondary)

Organic
matter co-variation

Land use, hydrology,
watershed inputs

Improves estimation
where terrestrial DOM

dominates

Confounding from mixed
sources; spectral overlap;

AC sensitivity

ML/DL +
multi-source
data fusion

Nutrients
(General)

Chl-a,
CDOM, TSM

Combined
biological–organic–

hydrological
pathways

Meteorology, land
use, IoT/in situ data

Reduces ambiguity in
proxy relationships;

improves model
robustness under
regime variability

Context-dependent
relationships; poor

cross-region generalisation;
high model bias risk

ML/DL + hybrid
frameworks;

OWT-conditioned or
regime-aware

models

Table 8. Physics-integration coding scheme for classifying physics-informed learning in satellite-
based water quality studies. Codes P0–P4 denote increasing levels of physical knowledge integration,
from purely data-driven models to hybrid architectures that structurally couple physical operators
with learning components. Coding is evidence-based, applied at the model-configuration level, and
relies exclusively on information explicitly reported in each study.

Code Physics Integration
Category Operational Definition (Coding Rule) Minimum Evidence Required in

the Paper
Representative

Foundational References

P0 Purely data-driven
(no explicit physics)

No explicit physical knowledge (e.g., radiative
transfer, conservation constraints, physically

consistent penalties) is used in inputs, training
objective, model structure, or evaluation.

Methods describe only
statistical/ML/DL mapping from
inputs to WQPs; no RT/physics

constraints beyond
narrative discussion.

Physics-informed NN overview
context (baseline contrast): [115]

P1 Physics-guided
features/inputs

Physical knowledge is used to derive/select input
features or predictors but not embedded in the loss

function or architecture (no constraint enforcement).

Use of physics-motivated band
ratios/indices, IOP-inspired

features, or physically motivated
preprocessing as model inputs; the
objective remains purely data-fit.

Physics-guided neural networks
leveraging physics-based model

simulations [116] (https:
//arxiv.org/abs/1710.11431,

accessed on 1 April 2026).

P2
Physics-based

simulation for train-
ing/augmentation

A physical/RT or process-based model is used to
generate synthetic samples for training, pretraining, or

augmentation; the learner itself is not
physically constrained.

Clear statement that RT/process
simulations were used to create

spectra/training labels or augment
training distribution.

Physics-guided neural networks
leveraging physics-based model

simulations [116] (https:
//arxiv.org/abs/1710.11431,

accessed on 1 April 2026).

P3
Physics-informed

objec-
tive/regularization

Physical relationships are explicitly encoded as loss
terms/constraints/regularizers during training (soft
or hard constraints), improving physical consistency

and extrapolation behavior.

Explicit formulation or description
of a physics term in the objective

(e.g., penalty for physically
implausible spectra–WQP

relations; conservation constraints).

PINNs’ canonical
formulation: [115]

P4

Hybrid coupled
physics-ML

architecture (incl.
differentiable
physics layer)

Physics and ML are structurally coupled (e.g.,
differentiable physics/RT layer inside the network;

ML emulates or corrects a physics component) within
a single end-to-end or tightly coupled pipeline.

Clear description of a coupled
architecture (physics operator or

RT module integrated with ML, or
end-to-end differentiable

physical component).

Differentiable RT paradigm
example (remote sensing): [117];

PINNs’ foundations: [115]

While Table 8 clarifies how physical knowledge is explicitly embedded in individual
model configurations, ranging from purely data-driven formulations to hybrid architec-
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tures with structural physical coupling, a complementary synthesis is required to situate
these configurations within the broader methodological families that dominate the wa-
ter quality remote sensing literature. Accordingly, Table 9 maps the major algorithmic
families (empirical and semi-analytical models, physics-based approaches, machine learn-
ing, and deep learning) onto the physics-integration spectrum defined in Table 8, while
simultaneously summarising their characteristic strengths and limitations as consistently
reported across the reviewed studies and established syntheses. This mapping clarifies
that although recent advances increasingly explore higher levels of physics integration, a
substantial fraction of contemporary ML and DL applications remain concentrated at lower
or intermediate levels of integration, relying primarily on data-driven representations. By
explicitly distinguishing between model families and physics-integration levels, Table 9
avoids redundancy with Table 8 and instead provides a structured lens for interpreting
the methodological evolution of the field. This synthesis illustrates the progressive shift
from locally calibrated, empirically driven approaches toward more physically consistent
and deployment-oriented frameworks, and it establishes a clear conceptual bridge to the
transferable, physics-informed, and uncertainty-aware framework proposed in Section 5.

Table 9. Mapping of major algorithmic families used in satellite-based water quality retrieval
to the physics-integration coding framework (P0–P4) defined in Table 8. Rather than reiterating
methodological details, this table provides a structured synthesis that positions each model family
along the physics-integration spectrum, illustrating how physical knowledge is incorporated into
modelling strategies in practice. (* “Dominant physics-integration level” refers to the representative
or most commonly observed level (P0–P4) within each model family based on the evidence synthesis,
and does not imply that all studies strictly conform to a single level).

Model Family Typical
Modelling Strategy

Dominant
Physics-

Integration
Level *

Key Strengths Primary Limitations Representative
References

Empirical &
Semi-analytical

Band ratios;
linear/nonlinear

regressions calibrated to
in situ data

P0–P1

Simple, computationally
efficient, transparent

formulation, effective for
local applications

Strong site-specificity; poor
transferability; requires
frequent recalibration

[12,37,38]

Physics-based
(Bio-optical/RT)

Radiative transfer
inversion; semi-analytical

bio-optical models
P2

Physically interpretable;
transferable if IOPs are well

constrained;
mechanistic consistency

Computationally intensive;
extensive input

requirements; difficult to
operationalise at scale

[57,76,110]

Machine
Learning (ML)

RF, SVR, XGBoost,
CatBoost using spectral +

contextual predictors
P1–P2

Captures nonlinear
relationships; integrates

multi-sensor and ancillary
data; effective for
non-optical WQPs

Requires large,
representative datasets;

extrapolation risk;
interpretability is limited

[40,62,78]

Deep
Learning (DL)

CNNs, CNN–LSTM,
global DL frameworks P1–P3

State-of-the-art predictive
performance; automated

feature extraction; emerging
cross-site generalisation

Very high data demand;
computational cost;

black-box behaviour
[64,65,67]

Hybrid/Physics-
informed
ML–DL

RT-guided features;
physics-based
regularisation;
differentiable

physical components

P3–P4

Balances accuracy with
physical consistency;

improved interpretability and
transferability; suitable for

decision-grade outputs

Higher implementation
complexity; limited number

of fully
operational examples

[38,58,74]

Collectively, this synthesis indicates that the field is transitioning from models opti-
mised primarily for local calibration and methodological simplicity toward frameworks
that explicitly balance predictive performance with physical consistency, transferability,
and operational readiness. While early empirical and semi-analytical approaches remain
valuable for site-specific applications, the growing reliance on machine learning and deep
learning reflects an effort to capture complex, nonlinear relationships and to scale anal-
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yses across heterogeneous aquatic environments. However, when viewed through the
physics-integration framework defined in Table 8 and the corresponding evidence map
summarising sensor method parameter coverage (Figure 4), it becomes evident that many
conventional ML and DL implementations remain concentrated at lower or intermediate
integration levels, relying predominantly on data-driven representations without explicit
physical constraints. The evidence map further reveals that higher levels of physics integra-
tion are unevenly distributed across sensors and parameters, with a strong methodological
concentration on optically active variables and comparatively limited coverage of non-
optical constituents. In contrast, recent developments increasingly explore higher levels of
integration and deployment-oriented design choices, including physics-guided learning,
hybrid radiative-transfer-informed architectures, and computational strategies for near-
real-time operation. As highlighted by recent syntheses, rigorous uncertainty handling
and validation design remain essential prerequisites for translating these methodological
advances into decision-grade monitoring systems; these issues are addressed in detail in
Section 3.4.

 

Figure 4. Evidence map summarising the number of reviewed satellite-based water quality re-
trieval studies across sensor classes, retrieval methods, and target parameters. Cell values and
colour intensity indicate the count of studies reporting each sensor method parameter combination.
Blank cells denote the absence of reported evidence. The map highlights uneven coverage across
literature, with strong emphasis on multispectral sensors and machine learning approaches for
optically active parameters, and limited representation of UAV/hyperspectral studies and optically
inactive parameters.
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Figure 5 illustrates the aggregate temporal evolution of modelling approaches applied
in remote sensing-based water quality retrieval, reinforcing the methodological trajectory
outlined above. The temporal distribution of studies reveals a clear progression from em-
pirically driven and locally calibrated models toward increasingly sophisticated machine
learning, deep learning, and hybrid formulations, thereby providing quantitative evi-
dence synthesis for a field-wide shift toward more physically consistent and operationally
oriented frameworks.

 

Figure 5. Aggregate temporal evolution of modelling approaches used in remote sensing–based
water quality retrieval across five time periods. The distribution of studies highlights a progressive
shift from empirically driven, physics-based models toward machine learning, deep learning, and
hybrid approaches, supporting the synthesis presented in Tables 8 and 9 and illustrating the field’s
maturation toward transferable, deployment-oriented frameworks.

While Figure 5 quantitatively illustrates the temporal evolution of modelling ap-
proaches in satellite-based water quality retrieval from locally calibrated empirical methods
toward increasingly sophisticated machine learning, deep learning, and hybrid formula-
tions, it does not by itself resolve how these heterogeneous approaches are structurally
organised within a unified modelling pipeline. In particular, the temporal aggregation high-
lights what classes of models have emerged and proliferated, but remains agnostic to how
physical knowledge, data-driven learning, validation design, and uncertainty handling
are operationally combined within individual model configurations. To bridge this gap,
Figure 6 provides a formalised conceptual synthesis that translates the evidence sum-
marised in Tables 8 and 9, and Figure 5 into an explicit end-to-end framework. By position-
ing empirical, physics-based, and learning-based components within a single architectural
flow linking multisensor inputs, feature extraction, hybrid modelling strategies, loss for-
mulation, validation, calibration, and uncertainty quantification, the framework clarifies
how the methodological trajectory observed over time can be instantiated in practice as a
transferable, physics-informed, and uncertainty-aware monitoring system.
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Figure 6. Conceptual framework for hybrid and physics-informed satellite-based water quality re-
trieval, integrating multisensory Earth observation inputs, feature extraction, and coupled modelling
strategies with validation workflows and uncertainty-aware outputs. The framework illustrates how
physics-informed and data-driven approaches can be combined to generate water quality products
with associated uncertainty layers, enabling robust mapping, trend analysis, and decision-relevant
applications. Color-coded panels represent the main functional modules of the framework, solid arrows
indicate the primary workflow, and dashed lines denote auxiliary or indirect relationships between
components. The visual design of this conceptual framework was developed using a generative artificial
intelligence tool to support graphical structuring and layout. All methodological components, scientific
relationships, and interpretative elements were explicitly defined, critically evaluated, and validated
by the authors. The use of AI was strictly limited to visualisation support and had no role in data
processing, model development, analysis, or the derivation of scientific conclusions.
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While the preceding sections have detailed the evolution of algorithmic strategies
and levels of physical integration in satellite-based water quality retrieval, a synthesis of
these developments alone does not fully capture the field’s current level of practical readi-
ness or the persistence of critical bottlenecks. Notably, the reviewed evidence consistently
indicates that no single model family, whether empirical, physics-based, or data-driven,
achieves robust performance across all water quality parameters, optical regimes, sensor
configurations, and deployment contexts. Model performance is inherently conditioned by
domain-specific factors, including optical complexity, data availability, and environmen-
tal variability, leading to context-dependent strengths and failure modes across different
modelling approaches. In this context, ensemble and multi-model fusion strategies emerge
as a promising pathway toward improved robustness and generalisation. By integrating
the complementary strengths of empirical formulations, physics-informed models, and
machine-learning or deep-learning approaches, fusion frameworks can mitigate model-
specific biases and enhance adaptability across heterogeneous conditions. Such integration
may occur at multiple levels, including feature-level fusion, model-level ensemble learning
(e.g., stacking or mixture-of-experts), and decision-level combination of outputs. Although
relatively underexplored and inconsistently implemented across the reviewed literature,
these approaches provide a conceptual bridge between methodological diversity and oper-
ational robustness, particularly in environments characterised by strong optical variability
and domain shifts. To bridge the gap between methodological advancement and opera-
tional readiness, a structured roadmap is required to explicitly align achieved capabilities
with persistent system-level constraints. Accordingly, Table 10 consolidates the available
evidence into a milestone gap framework, summarising how advances in algorithms,
physics integration, and computational strategies have progressed, while simultaneously
highlighting unresolved challenges related to limited transferability, weak interpretabil-
ity, insufficient uncertainty quantification, and fragmented multi-sensor integration and
operational infrastructure. By framing recent progress and remaining constraints within
a unified structure while also recognising the emerging role of multi-model fusion as a
robustness-enhancing strategy, this roadmap provides a coherent context for the subse-
quent emphasis on validation and uncertainty considerations, which remain central to
the transition from research-oriented demonstrations to decision-grade and operationally
reliable water quality monitoring systems.

3.4. Validation and Uncertainty

Validation represents the critical interface between satellite-derived water quality
retrievals and ground-based observations, providing the methodological rigour required
to bridge research-oriented demonstrations and decision-relevant operational monitoring
systems [33,118]. Across the reviewed literature, comparisons with near-synchronous in
situ measurements remain the dominant approach for performance evaluation, implicitly
defining the degree to which retrieval models generalise across ecosystems, seasons, and
temporal domains [112,119]. However, validation outcomes are commonly communicated
through scatter-based diagnostics (e.g., agreement relative to the 1:1 line) and summary
accuracy metrics, which, when reported in isolation, obscure substantial variability arising
from sensor characteristics, target parameters, modelling paradigms, and, critically, val-
idation design. To move beyond narrative reporting and enable systematic cross-study
comparability, this review adopts a distribution-aware performance synthesis across the
152 retained studies. Given the pronounced heterogeneity in reported metrics, sample
sizes, and evaluation protocols, validation outcomes are summarised using robust statistics
(median and interquartile range), rather than mean-based aggregation, thereby reducing
sensitivity to extreme values and study-specific reporting practices. Performance distribu-
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tions are explicitly stratified by water quality parameter, sensor class, model family, and
validation protocol (random cross-validation versus spatially or temporally independent
evaluation), enabling identification of structural patterns such as performance inflation
under cross-validation, parameter-dependent limits to generalisation, and sensor-specific
variability in reported accuracy. These challenges are most pronounced for non-optically
active parameters, particularly total phosphorus (TP) and total nitrogen (TN), where re-
trieval accuracy depends strongly on optical water regime, concentration gradients, and
the availability of well-distributed and temporally representative calibration datasets [120].
Persistent scarcity of spatially diverse and temporally consistent in situ observations con-
tinues to constrain calibration, extrapolation, and cross-site transferability [121,122]. As
a result, even studies reporting high predictive accuracy frequently rely on site-specific
calibration strategies, limiting scalability and long-term operational relevance, particularly
for empirically driven approaches that require repeated recalibration across locations or
seasons [123,124].

Table 10. Roadmap summarizing key milestones, persistent gaps, and priority actions for advancing
satellite-based water quality monitoring toward transferable, physics-informed, and uncertainty-
aware operational systems.

Domain Current State
(Milestones Achieved) Persistent Gaps/Limitations Priority Actions

(Next Milestones)
Implications for

Operational Readiness

Sensor
Platforms & Data

Long-term open-access
archives (Landsat, Sentinel);

daily global coverage
(MODIS/VIIRS); emerging

hyperspectral &
UAV platforms

Spatial-temporal trade-offs;
limited harmonisation

across sensors;
underrepresentation of

UAV/hyperspectral studies

Standardised cross-sensor
harmonisation; benchmark

multi-sensor datasets;
coordinated satellite UAV in

situ designs

Enables consistent
spatio-temporal coverage
and scalable monitoring

Target Parameters

Robust retrieval of optically
active parameters (Chl-a,

TSM, turbidity); improving
CDOM inversion

Weak generalisation for
nutrients (TP, TN); indirect

inference via surrogates;
limited optical

diversity coverage

Optical Water Type
(OWT)-aware modelling;

expanded in situ datasets for
nutrients; hybrid

surrogate–physics
approaches

Extends monitoring
beyond optical proxies

toward
biogeochemical relevance

Algorithms &
Models

ML/DL models outperform
empirical models; growing

use of hybrid and
physics-guided learning

Many ML/DL models
remain data-driven (P0–P2);

limited interpretability
and transferability

Formal integration of
physics (P3–P4);

differentiable RT layers;
deployment-oriented

architectures

Improves physical
consistency, robustness,

and regulatory trust

Validation Design

Cross-validation is widely
reported; increasing

awareness of
independent validation

Performance inflation under
CV; scarce

inter-site/inter-sensor
testing;

inconsistent reporting

Mandatory stratification (CV
vs. independent);

multi-region benchmarks;
transparent

reporting standards

Prevents over-optimistic
claims; supports

decision-grade evaluation

Uncertainty
Quantification (UQ)

Growing recognition of the
importance of uncertainty;

isolated and
non-standardised adoption

of probabilistic models

Dominance of accuracy-only
reporting (U0); lack of

uncertainty propagation

Explicit probabilistic UQ
(U3–U4); standardized

CI/PI reporting;
uncertainty-aware

loss functions

Enables risk-informed
interpretation and

policy use

Calibration & In
Situ Integration

Improved satellite field
matchups; emerging
autonomous sensors

Sparse, biased in situ data;
weak coupling to UQ

and validation

Continuous in situ networks;
joint calibration
UQ frameworks

Strengthens credibility
and long-term reliability

Operational
Deployment

Cloud platforms and
edge-ready ML
are emerging

Limited discussion of
latency, versioning,

governance, and user needs

End-to-end pipelines; model
versioning;

stakeholder co-design

Transition models from
proof-of-concept to
operational services

Reproducibility &
Standards

PRISMA-guided reviews;
increasing open datasets

Heterogeneous protocols;
limited

reproducible benchmarks

Open-source pipelines;
standardised benchmarks

and metadata

Facilitates comparability
and cumulative progress

Importantly, uncertainty in satellite-based water quality monitoring does not arise
solely at the model-prediction stage but accumulates across the full observation-to-inference
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chain. Upstream sources include data acquisition uncertainty, such as sensor noise, viewing-
illumination variability, geolocation mismatch, and temporal mismatch between satellite
overpass and field sampling; preprocessing uncertainty, including masking, resampling,
spectral harmonization, feature construction, and cross-sensor calibration; and atmospheric
correction uncertainty, arising from AC product choice, aerosol assumptions, adjacency
effects, and reduced signal stability in spectrally sensitive regions such as the blue bands.
Additional uncertainty is introduced through reference-data construction, including sparse
or biased in situ observations, laboratory inconsistency, and limited spatial or temporal
representativeness of calibration and validation datasets. These upstream uncertainties in-
teract with downstream model uncertainty, including epistemic and aleatoric components,
and can substantially influence reported retrieval accuracy, robustness, and transferability.
A comprehensive interpretation of validation outcomes, therefore, requires that uncertainty
be treated as a property of the monitoring chain rather than of model outputs alone. Over
the past decade, uncertainty quantification (UQ) has evolved from implicit or qualitative
consideration into an increasingly explicit and formalised component of validation practice
in satellite-based water quality monitoring. A growing body of studies now incorporates
error bands, prediction intervals, ensemble dispersion, residual diagnostics, and prob-
abilistic uncertainty surfaces to support risk-aware interpretation and decision-making
under dynamic environmental conditions [104,125]. Nevertheless, adoption remains un-
even, and uncertainty handling is still frequently concentrated at the prediction stage,
with limited explicit treatment of uncertainty propagation from acquisition, preprocess-
ing, atmospheric correction, and reference-data construction. To systematically synthesise
how uncertainty is operationalised across the reviewed literature, Table 11 introduces an
evidence-based coding framework that classifies UQ practices from purely deterministic
accuracy reporting to fully integrated, decision-oriented uncertainty-aware validation de-
signs. While this taxonomy provides a structured overview of reported practice, it does not
by itself resolve the broader issue of whether upstream uncertainty sources are explicitly
characterised, propagated, or incorporated into performance interpretation. Accordingly,
uncertainty levels (U0–U4) are treated as explanatory moderators in the performance
synthesis, along with sensor class, validation strategy, and physics-integration level, as de-
tailed in Section 3.5. Further discussion of how optical regime diversity and Optical Water
Types (OWTs) shape epistemic uncertainty and cross-domain generalisation is provided in
Section 3.6. Taken together, these analyses support a broader interpretation of uncertainty
as a system-level property that emerges from acquisition, preprocessing, modelling, and
deployment conditions, rather than as a narrow by-product of model prediction alone.

While Table 11 establishes an evidence-based taxonomy for classifying uncertainty
quantification (UQ) practices in satellite-based water quality retrieval models, a tabular
scheme alone does not convey how these practices are distributed across the broader
modelling landscape. To explicitly situate UQ adoption relative to the degree of physical
knowledge integration, Figure 7 provides a two-dimensional synthesis mapping physics-
integration level (P0–P4) against UQ levels (U0–U4). This visual aggregation enables rapid
identification of dominant methodological regimes and reveals systematic imbalances
between modelling sophistication and uncertainty-aware validation. In particular, the
clustering of reported configurations at lower physics-integration levels, with accuracy-
only evaluation, underscores a persistent gap between advanced retrieval modelling and
operationally meaningful uncertainty characterisation, motivating the need for more tightly
coupled physics-informed and uncertainty-aware frameworks.
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Table 11. An extended uncertainty quantification (UQ) coding scheme across the satellite water
quality monitoring chain. The table expands the U0–U4 framework by incorporating uncertainty
sources beyond model predictions, including those arising from data acquisition, preprocessing, and
atmospheric correction. It highlights the limited but emerging consideration of upstream uncertainties
and their implications for validation robustness and decision support.

Code UQ Level Definition
(Evidence-Based)

Primary Uncertainty
Scope

Typical Indicators in
the Literature

Upstream Sources
Considered

Implications for
Decision Support

U0 No UQ No uncertainty
information reported

Prediction-only
(deterministic)

Point estimates only;
accuracy metrics

without uncertainty

None explicitly
considered

Not suitable for
decision-grade

applications

U1 Implicit/
Diagnostic UQ

Uncertainty is discussed
qualitatively or

inferred indirectly

Prediction-focused,
limited

upstream awareness

Residual analysis;
cross-validation errors;
sensitivity discussion

Indirect recognition of
data variability, but

not formalised

Limited
interpretability; weak

risk awareness

U2 Empirical/
Error-based UQ

Uncertainty quantified
via empirical
error statistics

Prediction + partial
validation-

stage uncertainty

RMSE maps; standard
deviation; validation

error propagation

Reference data
uncertainty partially
captured; upstream

sources
largely unaccounted

Basic confidence
awareness;

site-dependent
reliability

U3 Probabilistic/
Statistical UQ

Explicit probabilistic
uncertainty estimation

Prediction-level + partial
modelling uncertainty

Prediction intervals;
Bayesian models;

ensemble variance

Model uncertainty
addressed; upstream

sources (e.g., AC,
preprocessing)

rarely propagated

Suitable for
risk-informed
decisions, but

incomplete
uncertainty coverage

U4
Integrated/

Decision-oriented
UQ

Uncertainty is embedded
across the model

architecture and outputs,
with partial

system awareness

Prediction + modelling +
limited

pipeline integration

Bayesian DL; mixture
density networks;

epistemic vs.
aleatoric separation

Partial consideration
of input/data

uncertainty; limited
explicit propagation of

acquisition,
preprocessing, and

AC uncertainty

Decision-grade
outputs, though full

end-to-end uncertainty
remains, are

rarely implemented

 

Figure 7. Distribution of uncertainty quantification (UQ) practices across physics-integration levels
in satellite-based water quality retrieval models. Bubble size denotes the number of reported model
configurations for each combination of physics integration (P0–P4) and UQ level (U0–U4), revealing
a strong concentration in low-integration, accuracy-only regimes and a persistent gap in uncertainty-
aware validation.
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In multi-sensor and large-scale systems, ensemble strategies such as Bayesian model
averaging and Mixture Density Networks have demonstrated strong potential for pro-
ducing harmonised retrievals with explicitly quantified uncertainty [38]. Nevertheless,
substantial obstacles remain. Deep learning models routinely achieve state-of-the-art
accuracy for chlorophyll-a and turbidity but often function as “black boxes,” limiting inter-
pretability and complicating regulatory acceptance [46,72]. Recent advances address this
limitation through uncertainty-aware DL architectures that explicitly separate epistemic
(model-driven) and aleatoric (data-driven) uncertainty, yielding calibrated probabilistic out-
puts suitable for decision support [62]. Complementarily, edge-oriented implementations
demonstrate that uncertainty-aware, quantified models can operate efficiently on con-
strained hardware, bringing validation and uncertainty assessment closer to near-real-time
operational contexts [68]. The literature further underscores the critical role of contextual
and seasonal variability in validation outcomes. For example, Random Forest models for
TN can achieve R2 values approaching 0.92 during rainy seasons but degrade substantially
during dry periods, highlighting strong seasonal dependence [42]. Long-term validation
against multi-year in situ datasets shows that Landsat and GCOM-C/SGLI products re-
liably capture interannual trends but underperform under extreme optical conditions or
high-turbidity regimes [48,126]. At the global scale, CNN-based frameworks report high
overall accuracy for chlorophyll-a (R2 > 0.82) across diverse sites, but their reliability de-
clines in shallow, heterogeneous, or optically complex waters, reinforcing the need for
environment-specific validation protocols [56]. Table 12 synthesises validation practices
reported in the reviewed literature by organising methodological choices and associated
challenges across data requirements, model performance, uncertainty and generalizability,
and preprocessing impacts. While this synthesis captures how validation is approached
conceptually, it does not address how consistently uncertainty information is quantified
and reported in practice.

Table 12. Synthesis of validation practices and uncertainty sources in satellite-based water quality
monitoring. The table extends conventional validation summaries by explicitly identifying uncer-
tainty sources across the monitoring chain, including data acquisition, preprocessing, atmospheric
correction, and modelling stages, and highlighting their implications for retrieval accuracy, transfer-
ability, and robustness.

Category Key Practices & Methods Associated Challenges
& Limitations

Uncertainty
Source Type

Implications for
WQ Outputs

Representative
References

Data Acquisition
& Match-up

Validation with
synchronised in situ

matchups; cross-season and
cross-ecosystem sampling;

benchmark datasets

Scarcity of
well-distributed

samples; temporal
mismatch (satellite vs.

in situ); spatial
representativeness;

seasonal bias;
geographic gaps

Acquisition
uncertainty (sensor

noise, revisit
timing, viewing

geometry, matchup
inconsistency)

Bias in calibration
datasets, reduced

representativeness,
and instability in

cross-site
generalisation

[35,64,96,127]

Model
Performance

ML/DL outperform
empirical approaches for

optical WQPs; RF and
CatBoost are effective for
nutrient inference; hybrid

models integrate contextual
drivers (land

use, meteorology)

Risk of overfitting;
confounding

correlations; degraded
accuracy in

cross-region or
near-real-time

validation; strong
seasonal dependence

Model uncertainty
(epistemic +

aleatoric;
data-driven bias)

Performance inflation
under

cross-validation;
reduced

transferability;
sensitivity to
domain shift

[36,37,40,55,60,75]

Uncertainty &
Generalizability

Explicit UQ via prediction
intervals, geostatistical

mapping, Bayesian DL, and
MC-dropout;

complementary
interpretability (e.g., SHAP)

Black-box behaviour of
DL; inconsistent

generalisation across
ecosystems; lack of

standardised
uncertainty reporting

Prediction-level
uncertainty

(probabilistic
outputs)

Improved risk
awareness, but

incomplete
uncertainty

representation across
the pipeline

[38,46,62,67,68,78]
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Table 12. Cont.

Category Key Practices & Methods Associated Challenges
& Limitations

Uncertainty
Source Type

Implications for
WQ Outputs

Representative
References

Preprocessing &
Atmospheric

Correction

Atmospheric correction
(e.g., C2RCC, ACOLITE,

LaSRC); radiometric
cross-calibration; sensor
harmonization; masking

and resampling

Propagation of AC
errors to retrievals;
adjacency effects;

inter-product biases;
sensitivity to AC
selection; spectral

inconsistencies
across sensors

Preprocessing &
AC uncertainty

(AC assumptions,
aerosol models,

adjacency,
harmonisation

errors)

Systematic bias in
reflectance inputs;

reduced
comparability across
sensors; uncertainty

amplification in
downstream models

[48,126,128–130]

To address this gap, Table 13 provides a complementary quantitative meta-summary,
reporting median performance metrics stratified by parameter, sensor class, and model
family, together with an evidence-based uncertainty quantification (UQ) flag linked to the
coding scheme defined in Table 11. This joint presentation enables a clear distinction be-
tween reported predictive accuracy and the explicit treatment of uncertainty across studies.
However, it is important to note that Table 13 primarily reflects uncertainty as reported at
the model prediction stage and does not explicitly capture upstream sources of uncertainty
arising from data acquisition, preprocessing, atmospheric correction, or reference-data
construction, which are discussed separately in Sections 3.4 and 3.5 and summarised in
Table 12. Collectively, recent reviews emphasise that standardised benchmarking datasets,
explicit UQ reporting, and fully reproducible validation protocols are indispensable pre-
requisites for translating methodological advances into trusted, operational water quality
products [38,96]. Without such rigour, even the most sophisticated retrieval models remain
confined to scientific proof of concept rather than decision-grade deployment.

To address this gap, Table 13 provides a complementary quantitative meta-summary
that reports median performance metrics stratified by water quality parameter, sensor class,
and model family, together with an evidence-based uncertainty quantification (UQ) flag
linked to the coding scheme defined in Table 11. Rather than implying widespread adoption
of uncertainty-aware practices, this joint synthesis explicitly separates reported predictive
accuracy from the largely absent or non-standardized treatment of uncertainty across the
reviewed literature, thereby confirming the dominance of accuracy-only reporting iden-
tified in the preceding analyses. It should be noted, however, that the UQ information
summarized in Table 13 primarily reflects uncertainty as reported at the model prediction
stage and does not explicitly capture upstream sources of uncertainty arising from data ac-
quisition, preprocessing, atmospheric correction, or reference-data construction, which are
addressed separately in Sections 3.4 and 3.5 and synthesised in Table 12. By consolidating
these patterns, Table 13 characterises the prevailing state of practice and reveals a persistent
disconnect between methodological innovation and the routine, reproducible reporting of
uncertainty. This disconnect directly motivates the structured retrieval architecture illus-
trated in Figure 8, which translates the empirical deficiencies identified in Tables 11–13 into
an explicit, end-to-end OWT-conditional pipeline. In this framework, optical water type
(OWT) classification precedes model selection, parameterisation, uncertainty quantification,
and validation, thereby operationalising regime-aware retrieval, OWT-specific uncertainty
propagation, and water-type-stratified validation. By embedding UQ, calibration, and
validation as integral components of the retrieval process rather than optional post hoc
analyses, the framework provides a concrete response to the accuracy-dominated reporting
practices documented in the quantitative synthesis.

Consistent with recent synthesis studies, this alignment underscores the necessity
of standardised benchmarking datasets, explicit and comparable UQ outputs, and fully
reproducible validation protocols as prerequisites for translating algorithmic advances
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into trusted, operational water quality products [85]. Without such rigor, even technically
sophisticated retrieval models are likely to remain confined to scientific proof-of-concept
rather than decision-grade deployment.

Table 13. Meta-summary of dominant quantitative performance reporting and uncertainty quan-
tification (UQ) practices in satellite-based water quality retrieval studies. For each representative
study–parameter combination, median performance metrics (e.g., R2) are summarised, along with
an evidence-based UQ classification, following the coding scheme defined in Table 11. The table re-
flects the dominant, standardised reporting practices that support cross-study quantitative synthesis.
Although advanced uncertainty-aware approaches (e.g., Bayesian inference, ensemble modelling,
or probabilistic neural networks) are reported in a limited number of studies, they are typically
documented in heterogeneous or non-standardised forms and therefore do not materially alter the
prevalence of accuracy-only (U0) reporting observed in the synthesised evidence. The meta-summary
thus captures the prevailing state of practice rather than the full methodological spectrum.

Water Quality
Parameter

Dominant
Sensor(s)

Dominant
Model Family Median R2 (IQR) Typical Sample

Size Range

Dominant UQ
Reporting

Practice

Assigned
UQ Code

Chlorophyll-a
(Chl-a)

Sentinel-2,
MODIS,

Landsat-8

ML/DL
(CNN, RF) 0.82 (0.75–0.90) 50–>300

Accuracy metrics
only (R2, RMSE);

no predictive
intervals

U0
(accuracy-only)

Total Suspended
Matter (TSM)

Landsat-8,
Sentinel-3

Physics-
based/ML 0.80 (0.78–0.85) 40–>300

Error statistics
only; uncertainty
not propagated

U0
(accuracy-only)

Turbidity Landsat-8,
Sentinel-2 Empirical/ML 0.88 (0.85–0.90) 30–150

Error statistics
only; site-specific

calibration

U0
(accuracy-only)

Total
Phosphorus (TP) Sentinel-2 ML (RF, XGB) 0.68 (0.64–0.74) 40–120

No explicit
uncertainty

characterisation

U0
(accuracy-only)

Total
Nitrogen (TN) Sentinel-2 ML (RF/hybrid) 0.75 (0.70–0.80) Seasonal subsets

Seasonal
stratification only;

no predictive
intervals

U0
(accuracy-only)

CDOM Sentinel-2 Physics-
based/ML

0.82
(single-study) <50 Uncertainty

not reported
U0

(accuracy-only)

Dissolved
Oxygen/Secchi

depth
Landsat-8 Empirical/ML 0.35–0.45 <50 Accuracy

metrics only
U0

(accuracy-only)

Long-term trends
(multi-year)

MODIS,
GCOM-C/SGLI

Product-level
analysis ≥0.88 Global match-ups

Product
comparison; no

uncertainty
envelopes

U0
(accuracy-only)

While Table 13 provides a quantitative meta-summary of reported performance met-
rics and dominant uncertainty quantification practices aggregated across studies, a purely
tabular representation inevitably limits direct comparison of systematic differences across
validation designs and sensor classes. Contrasts between models evaluated using inter-
nal cross-validation and those assessed against spatially or temporally independent test
datasets, as well as sensor-dependent patterns in reported accuracy, are not readily dis-
cernible from summary statistics alone. To address this limitation, Figure 9 presents a
stratified visual synthesis of median R2 values and their dispersion, explicitly contrasting
cross-validation and independent validation outcomes across water quality parameters
and sensor classes. This visualisation enables rapid identification of systematic perfor-
mance inflation associated with internal validation strategies and highlights sensor- and
parameter-specific variability that is central to interpreting the robustness, generalizability,
and transferability of reported water quality retrieval models. It is important to note, how-
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ever, that systematic, head-to-head quantitative comparisons of model performance across
different OWT classification frameworks remain limited in the reviewed literature. As a re-
sult, performance differences associated with OWT frameworks cannot be robustly assessed
through aggregated metrics alone. The OWT-related synthesis presented in this study is
therefore comparative and evidence-informed rather than strictly meta-analytic and should
be interpreted as identifying consistent patterns and context-dependent tendencies rather
than definitive quantitative rankings.

 

Figure 8. OWT–sensor–model alignment framework for satellite-based water quality retrieval. Opti-
cal Water Types (OWTs) are used as conditioning variables to guide model selection, parameterisation,
validation, and uncertainty quantification. The framework highlights context-dependent alignment
between OWT classification, sensor characteristics, and modelling strategies to enhance transferability,
physical consistency, and robustness across heterogeneous water bodies. Color-coded panels repre-
sent major functional components (OWT classification paradigms, sensor and data layers, modelling
strategies, and outcomes), while solid arrows indicate primary data and processing flows and dashed
arrows denote auxiliary or feedback relationships within the validation and adaptation loop. The
graphical layout of this conceptual figure was assisted by a generative AI tool; all scientific content,
relationships, and interpretations were defined and validated by the authors.

Table 14 further refines the quantitative synthesis by stratifying reported model perfor-
mance according to validation protocol (cross-validation versus independent validation),
water quality parameter, sensor class, and model family. For each stratum, the table reports
the number of model configurations, the median R2, the interquartile range (IQR), and the
dominant uncertainty quantification (UQ) code assigned according to the evidence-based
scheme defined in Table 11. While Table 14 provides a detailed numerical breakdown,
Figure 9 complements this synthesis by visually contrasting performance distributions
across sensor classes and validation designs, enabling rapid identification of systematic
performance inflation under cross-validation and sensor-dependent variability. Together
with Tables 12 and 13, this layered presentation offers a structured and internally consistent
overview of how validation design, performance reporting, and uncertainty treatment
co-occur through the reviewed literature.
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Figure 9. Stratified meta-summary of model performance in satellite-based water quality retrieval.
Median R2 and interquartile ranges are shown across parameters, sensor classes, and validation
protocols, highlighting systematic performance inflation under cross-validation and sensor- and
parameter-dependent variability.

Table 14. Quantitative meta-summary of model performance across reviewed water quality studies,
stratified by parameter, sensor class, model family, and validation protocol. The table reports
model counts, median and interquartile ranges of R2, and the dominant category of uncertainty
quantification, revealing a systematic lack of explicit uncertainty reporting across most configurations.

Parameter Sensor Class Model Family Validation Type n (Models) Median R2 IQR (R2) Dominant UQ Code
(Mode; n Studies)

Chl-a Sentinel-2/Landsat ML/DL Cross-validation 34 0.88 0.06 U0 (accuracy-only; n = 29)

Chl-a Sentinel-2/Landsat ML/DL Independent 18 0.79 0.09 U0 (accuracy-only; n = 16)

TSM Sentinel-3 Physics-based Independent 12 0.85 0.05 U0 (accuracy-only; n = 11)

TN Sentinel-2 ML Cross-validation 7 0.92 0.04 U0 (accuracy-only; n = 6)

TN Sentinel-2 ML Independent 4 0.81 0.08 U0 (accuracy-only; n = 4)

3.5. Multi-Source Data Integration

Configuration-level synthesis across the reviewed studies indicates that multi-source
data integration has transitioned from an auxiliary enhancement strategy to a structural
component of contemporary satellite-based water quality (WQ) monitoring architectures.
Rather than merely aggregating heterogeneous datasets, integration is increasingly opera-
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tionalised as a deliberate mechanism to mitigate structural constraints inherent in single-
sensor systems, particularly the persistent trade-offs among spatial resolution, temporal
density, spectral richness, and archive continuity [90]. No individual platform simultane-
ously satisfies the resolution–revisit–continuity triad: Sentinel-2 provides fine spatial detail,
MODIS/VIIRS ensures high temporal frequency, and Landsat provides multi-decadal
stability [131–133]. The reviewed evidence demonstrates that integration strategies are
therefore motivated less by incremental accuracy gains than by the need to reconcile these
structural asymmetries within transferable and operational monitoring systems. Across
the literature, integration manifests along a spectrum of increasing structural coupling. At
the foundational level, sensor harmonisation addresses radiometric calibration discrep-
ancies, atmospheric correction (AC) inconsistencies, spectral response mismatches, and
geolocation biases that otherwise propagate systematic errors into downstream retrieval
models [129,134]. Without such preprocessing alignment, fusion-induced performance
gains are often offset by cross-mission bias amplification. At an intermediate level, spatio-
temporal fusion strategies attempt to resolve resolution–revisit conflicts by combining
moderate-resolution imagery (e.g., Landsat, Sentinel) with high-frequency observations
(e.g., MODIS) through compositing, downscaling, or learning-based super-resolution frame-
works [131,135]. These approaches expand temporal coverage and reduce data gaps, yet
introduce additional uncertainty associated with cross-scale interpolation and spectral
transfer assumptions. At the highest level of integration, model architectures explicitly in-
corporate multi-source inputs, including satellite imagery, meteorological drivers, land-use
variables, and in situ time series within unified learning frameworks. CNN–LSTM hybrids
and ensemble-based configurations exemplify this structurally coupled paradigm, linking
spatial reflectance patterns with temporal and contextual dynamics [101,136].

Importantly, multi-source data integration should be conceptually distinguished from
multi-model fusion, although the two are often co-implemented in practice. While data
integration focuses on combining heterogeneous input sources, multi-model fusion aims
to integrate models with complementary inductive biases and strengths. For example,
empirical models provide transparency and computational efficiency in locally constrained
settings, physics-based models ensure consistency with radiative transfer processes, and
ML/DL approaches capture nonlinear relationships and high-dimensional interactions. Fu-
sion strategies, including ensemble learning, stacking, and mixture-of-experts, can combine
these complementary capabilities to improve robustness under varying optical regimes, re-
duce sensitivity to domain shifts, and mitigate reliance on any single modelling assumption.
Although such approaches remain relatively underexplored and inconsistently standard-
ised across the reviewed literature, they represent a promising direction for enhancing
model generalisation and operational reliability. Context-aware models incorporating
precipitation, land cover, and hydrological drivers further demonstrate that the explanatory
power for optically weak parameters such as nutrients is often contingent on multi-source
contextualization rather than on spectral signal strength alone [62,75]. In this context,
auxiliary data can be broadly classified into meteorological variables (e.g., precipitation,
temperature), land-use and watershed characteristics, hydrological indicators (e.g., runoff,
discharge), and in situ or IoT-based observations. Each class contributes to reducing differ-
ent sources of uncertainty: meteorological inputs help capture event-driven variability and
temporal dynamics; land-use data constrain spatial heterogeneity and watershed-driven
nutrient loading; hydrological variables improve representation of transport processes; and
in situ/IoT observations enhance calibration density and temporal alignment. Importantly,
these improvements do not arise from enhanced spectral observability, but rather from
contextual disambiguation of proxy relationships, particularly for non-optical parameters
whose inversion depends on indirect inference pathways.
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Importantly, integration extends beyond satellite–satellite fusion. The reviewed liter-
ature increasingly documents the coupling between Earth observation data and ground-
based infrastructure, including hydrological stations, autonomous micro-hyperspectral
spectrometers, and IoT sensor networks [137,138]. These configurations enhance calibration
density, enable near-synchronous validation, and partially address the temporal mismatch
between satellite overpass schedules and in situ sampling. Long-term benchmarking
against field stations has demonstrated improved characterisation of interannual trends
and seasonal variability [126] yet also revealed sensitivity to AC scheme selection and cross-
product inconsistencies [48]. Consequently, multi-source integration does not eliminate
structural uncertainty; rather, it redistributes uncertainty across harmonisation, scaling, and
contextual modelling stages. When evaluated using the physics-integration (P0–P4) and
uncertainty (U0–U4) coding frameworks introduced earlier, multi-source configurations
frequently cluster in intermediate integration regimes, where contextual or physics-guided
inputs are incorporated without fully embedding physical constraints into the model objec-
tive. While such configurations often report improved in-domain performance relative to
single-sensor baselines [38,133], independent validation across regions and optical regimes
remains comparatively limited. Evidence of enhanced transferability is therefore condi-
tional rather than universal, and performance gains must be interpreted in relation to
validation design and uncertainty handling. In several cases, ensemble-based fusion and
mixture density networks have begun to couple harmonisation with probabilistic output
generation, thereby partially aligning multi-source strategies with uncertainty-aware oper-
ational frameworks [68]. However, explicit uncertainty propagation across harmonisation
and fusion stages remains inconsistently implemented.

Operational scalability introduces an additional layer of complexity. Multi-source
pipelines must accommodate heterogeneous file formats, asynchronous acquisition sched-
ules, large data volumes, and cloud-based computational orchestration [139]. Hybrid
ML/DL architectures, while flexible, remain dependent on curated and representative
training datasets, and their interpretability may degrade as input dimensionality in-
creases [67,72]. Consequently, the integration process itself becomes a potential source of
epistemic uncertainty if harmonisation assumptions, scaling transformations, and contex-
tual covariates are not transparently documented. Collectively, the synthesised evidence
indicates that multi-source integration is neither a peripheral refinement nor a guaranteed
pathway to universal transferability. Rather, it represents a structurally necessary yet
methodologically demanding evolution toward operational WQ monitoring systems that
balance spatial detail, temporal continuity, contextual awareness, and long-term stability.
When harmonisation rigour, validation stratification, and explicit uncertainty quantifica-
tion are jointly implemented, the integration architecture demonstrates clear potential for
enhancing robustness and decision relevance. In the absence of such safeguards, however,
fusion strategies, whether data-driven or model-based, risk amplifying bias and obscur-
ing model limitations. The conceptual workflow underlying these integration stages is
summarised in Figure 10, and a structured synthesis of representative multi-source configu-
rations, including their data sources, methodological coupling, and primary contributions,
is provided in Table 15.
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Figure 10. Conceptual schematic of a multi-source data integration and hybrid modelling frame-
work for satellite-based water quality monitoring. The framework integrates complementary Earth
observation data (e.g., Sentinel-2, MODIS) with in situ and IoT measurements through sensor har-
monisation and interoperability, coupled with hybrid (machine learning and deep learning) models
to generate enhanced water quality products. This approach improves spatial–temporal cover-
age, robustness, and consistency across diverse environmental conditions. The visual layout was
developed with the assistance of a generative artificial intelligence tool for graphical design; all scien-
tific content and interpretations were defined and validated by the authors, with AI use strictly to
visualisation support.

Table 15. High-level synthesis of multi-source data integration strategies in satellite-based water
quality studies, summarising data sources, methodological frameworks, and key contributions across
recent literature.

Study
(Reference) Integrated Data Sources Methodology Key Contribution

[133] Landsat, Sentinel, MODIS Hybrid ML + cluster-based
empirical models

Improved accuracy by combining
multiple satellites

[127] Landsat + Hydrological stations ML regression Fusion with field data enhanced
estimation reliability

[138] Landsat-9 + GIS + IoT stations Hybrid architecture Framework for integrated
real-world monitoring

[38] Landsat-8, Sentinel-2/3 Ensemble (Mixture Density Networks) Developed a technical framework for
sensor harmonisation

[132] PlanetScope, Landsat-8, Sentinel-2 Comparative analysis Assessed trade-offs between public vs.
commercial sensors

[129] MODIS Aqua + Terra Radiometric cross-calibration Highlighted technical challenges of sensor
harmonisation

[68] Sentinel-2 + optimised CNN Quantisation-aware training (QAT) Demonstrated edge-ready integration with
efficient uncertainty handling

[62] Sentinel-2 + meteorology + land use ML (Extra Trees, XGBoost, SHAP) Revealed contextual drivers (precipitation,
land cover) of nutrient variability

[75] Sentinel-2 + meteorology +
land management RF/XGBoost Showed turbidity regimes shaped by

socio-hydrological drivers

[126] Landsat-8 OLI + long-term
field stations AC (C2RCC, l2gen) + RF Validated interannual trends; highlighted

AC constraints

[48] GCOM-C/SGLI + global AC products Multi-product intercomparison Identified wavelength-dependent biases and
AC scheme effects

[67] Sentinel-3 + multi-site datasets Global CNN framework Demonstrated cross-site generalisation and
limits in shallow waters
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3.6. Optical Water Types and Implications for Transferability and Uncertainty

Optical Water Types (OWTs) provide a physically grounded framework for repre-
senting the intrinsic optical heterogeneity of inland and coastal waters by classifying
systems according to dominant absorption and scattering regimes, rather than geographic
or hydrological descriptors. Global OWT schemes derived from in situ spectroscopy and
satellite reflectance clustering capture systematic variability in watercolour, constituent
composition, and radiative-transfer behaviour across diverse environments [32,40]. Within
the configuration-level synthesis of this review, optical regime heterogeneity emerges as
a structural determinant of model transferability, operating alongside but not reducible
to sensor characteristics and algorithmic choice. Across the reviewed studies, retrieval
performance is consistently conditioned by the degree of optical consistency between
calibration and deployment domains. Models trained within a limited OWT envelope
frequently exhibit degraded performance when applied to optically distinct waters, even
when sensor characteristics and nominal target variables remain unchanged. This effect
is particularly evident in empirical and purely data-driven configurations (P0–P1), where
spectral–parameter relationships implicitly encode regime-specific covariance structures.
Consequently, performance variability should be interpreted in relation to optical-regime
diversity, which serves as a latent constraint on generalisation rather than as a secondary
effect of model complexity.

OWTs are implemented across multiple classification paradigms, each with dis-
tinct implications for adaptability, interpretability, and transferability. As synthesised in
Table 16, three broad categories can be distinguished: (i) spectral clustering-based OWTs,
(ii) component- or constituent-dominant OWTs, and (iii) rule-based or optical-property-
based schemes. These paradigms differ not only in their conceptual basis but also in their
compatibility with sensor characteristics and modelling strategies, forming the basis for
context-dependent OWT–sensor–model alignment. Spectral clustering-based OWTs, de-
rived from reflectance similarity patterns, are flexible and well-suited to heterogeneous en-
vironments and multisensory applications. They are particularly compatible with machine
learning and deep learning approaches, in which OWT information can be incorporated as
stratification variables or as conditional inputs. However, their physical interpretability is
limited, and their stability may depend on consistent atmospheric correction and sensor
harmonisation. In contrast, component-dominant OWTs provide stronger bio-optical in-
terpretability by explicitly linking classes to dominant constituents (e.g., phytoplankton,
suspended matter, CDOM). These frameworks are more naturally aligned with physics-
informed or hybrid modelling approaches (P2–P4) but may require spectrally rich observa-
tions and are more sensitive to preprocessing uncertainties. Rule-based OWT schemes offer
operational simplicity and transparency, yet their fixed thresholds and limited adaptability
can reduce robustness under optically complex or transitional conditions. The synthesis
further indicates that no single OWT framework is universally optimal. Instead, their
effectiveness depends on the alignment between optical regime complexity, sensor spectral
capability, and model architecture. In this context, OWTs should be treated not as static
pre-classification tools, but as conditioning variables within the retrieval design space. Per-
formance degradation across regions can often be more accurately attributed to mismatches
between calibration and deployment OWT domains than to intrinsic model deficiencies.
Approaches that incorporate OWT information as conditional inputs, stratification layers,
or regime-specific parameterisation mechanisms (e.g., mixture-of-experts) tend to yield
greater robustness than globally trained, regime-agnostic configurations.
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Table 16. Evidence-informed comparison of major Optical Water Type (OWT) classification frame-
works and their implications for modelling strategies, sensor compatibility, transferability, and
uncertainty in satellite-based water quality retrieval. The synthesis is based on qualitative patterns
observed across the reviewed studies rather than direct quantitative comparisons, as systematic
head-to-head evaluations of OWT frameworks remain limited. Relationships should therefore be
interpreted as context-dependent tendencies influenced by sensor characteristics, optical regime
variability, and model design.

OWT
Framework Core Basis Modelling

Alignment Sensor Context Transferability
Implications Uncertainty Implications

Spectral
clustering-based

Reflectance
similarity

(data-driven)

Commonly used with
ML/DL (P0–P1) as

stratification or
conditional input

Widely applied with
multispectral and

multisensor datasets

Reported to support
transferability when used

for regime-aware
stratification; it depends

on consistency
across domains

Sensitive to domain
shifts; uncertainty linked

to clustering stability
and representativeness

Component-
/constituent-

dominant

Dominant optical
constituents

(bio-optical basis)

Aligned with
physics-informed

and hybrid models
(P2–P4)

More compatible
with spectrally rich

sensors
(context-dependent)

Supports transferability
where constituent

regimes are preserved;
may degrade in

mixed conditions

Enables interpretable
uncertainty linked to
constituent variability

and model assumptions

Rule-
based/optical-
property-based

Threshold-based
optical indices

Typically used in
empirical or

simplified workflows
(P0–P2)

Applicable across
sensors, depending
on band availability

Limited transferability
under changing optical
conditions; suitable for

stable environments

May underestimate
uncertainty in

transitional regimes due
to rigid classification

OWTs also play a critical role in characterising uncertainty. Transitions across optical
regimes, whether spatial or temporal, are frequently associated with elevated epistemic
uncertainty, reflecting gaps in training data representation rather than increased obser-
vational noise [38]. In UQ terms, such regime shifts manifest as uncertainty inflation,
particularly in configurations lacking explicit probabilistic treatment (U0–U1). Validation
strategies spanning multiple OWT classes consistently reveal greater performance disper-
sion than within-regime validation, underscoring the structural linkage between optical
heterogeneity and uncertainty propagation. From an operational perspective, the synthesis
suggests several context-dependent tendencies rather than universal prescriptions: spec-
tral clustering-based OWTs are generally well suited to multisensory and heterogeneous
regional applications when combined with ML/DL models; component-dominant OWTs
are more appropriate for spectrally rich observations and physics-informed or hybrid re-
trieval frameworks; and rule-based OWTs remain effective in optically stable environments
when paired with empirical or semi-analytical approaches. These alignments should be
interpreted as design guidelines contingent on data availability, sensor capability, and
application context. Overall, OWT-awareness functions as a structural control variable for
transferability optimisation and uncertainty interpretation. Embedding OWT-informed con-
ditioning within retrieval frameworks through adaptive model selection, regime-specific
parameterisation, and stratified validation provides a principled pathway toward more
transferable, physically consistent, and uncertainty-aware satellite-based water quality
monitoring systems.

3.7. Temporal Generalisation, Non-Stationarity, and Climate-Driven Shifts

Temporal generalisation constitutes a distinct and under-addressed dimension of
transferability in satellite-based water quality retrieval, arising from the inherently non-
stationary dynamics of aquatic systems. Whereas spatial transferability is predominantly
shaped by optical and sensor heterogeneity, temporal transferability is governed by sea-
sonal cycles, episodic disturbances, interannual variability, and long-term climatic forcing
that modify both biogeochemical processes and optical structure. Long-term satellite
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archives document substantial variability in chlorophyll-a, turbidity, and suspended matter
driven by hydrological forcing, nutrient loading, and temperature-mediated ecosystem
responses [97]. Nevertheless, many retrieval configurations implicitly assume temporal
stationarity through reliance on calibration datasets that underrepresent extreme events,
anomalous bloom years, or evolving mixing regimes. Configuration-level evidence indi-
cates that models trained in temporally constrained regimes often degrade in performance
when exposed to unseen hydrological or climatic conditions [35,140]. This degradation
manifests not only in reduced predictive accuracy but also in increased epistemic uncer-
tainty, reflecting a divergence between learned statistical mappings and evolving system
behaviour. Such effects are amplified for optically inactive parameters inferred indirectly
via surrogate relationships, where temporal shifts in constituent covariance alter the stabil-
ity of proxy-based inference [55,92]. Under conventional random cross-validation, which
preserves temporal mixing between training and test subsets, these non-stationarity effects
are often masked, resulting in optimistic performance estimates. Temporal hold-out vali-
dation, multi-year hindcasting, and seasonally stratified evaluation provide more robust
diagnostics of genuine temporal generalisation capacity [35].

Climate-driven shifts further intensify temporal non-stationarity. Observed warming
of lake surface waters and altered stratification regimes have been linked to changes in
bloom phenology, nutrient cycling, and the optical regime [1,2]. Such structural transfor-
mations challenge the long-term validity of static retrieval models and underscore the
necessity of adaptive and uncertainty-aware monitoring strategies. Emerging approaches,
including recurrent and hybrid DL architectures for sequence-aware modelling [113,136],
periodic retraining protocols, and drift-aware uncertainty monitoring, represent early steps
toward dynamic model updating in response to evolving environmental conditions. Within
the integrated framework proposed in this review, temporal generalisation is therefore
conceptualised not as an inherent property of a fixed model configuration, but as an opera-
tional capability supported by temporally explicit validation, regime-aware uncertainty
assessment, and iterative recalibration. This perspective aligns with the distribution-based
performance synthesis in Section 3 and reinforces the requirement for temporally strati-
fied evaluation to ensure decision-grade robustness in large-scale, climate-sensitive water
quality monitoring systems.

4. Discussion: A Synthesis of Advances, Challenges,
and Future Directions

This review synthesises research conducted between 1980 and 2025, tracing the
methodological evolution from simple empirical regressions toward increasingly sophisti-
cated machine learning (ML), deep learning (DL), and physics-informed approaches. The
broad availability of satellite missions such as Landsat, Sentinel, MODIS/VIIRS, together
with emerging sensors including SDGSAT-1 and GCOM-C/SGLI, has facilitated substantial
progress in water quality monitoring. Nevertheless, the synthesis highlights four sys-
temic obstacles that continue to constrain operationalisation: limited transferability, weak
interpretability, insufficient uncertainty quantification, and the absence of standardised
protocols and infrastructures.

4.1. Critical Gaps
4.1.1. Transferability

Algorithms frequently fail to generalise beyond their calibration domain, with per-
formance deteriorating across different water types, optical conditions, and climatic set-
tings [37,123]. Empirical models are especially site-specific [34], and even advanced ML
architectures degrade when trained on geographically narrow datasets, leading to substan-
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tial out-of-sample errors [60]. Reviews confirm that regional bias and the scarcity of in situ
observations remain structural bottlenecks [97]. Promising directions include:

1. Applying transfer learning and domain adaptation to leverage global datasets in local
contexts; developing cross-sensor and cross-region training strategies, such as the
global CNN framework for Chl-a [67];

2. Constructing hybrid frameworks that integrate ML with contextual drivers (meteorol-
ogy, land use, hydrology), which have improved TP/TN predictions [62,75]; and

3. Adopting multi-model fusion and ensemble learning strategies to combine the com-
plementary strengths of empirical, physics-based, and data-driven approaches. Such
fusion frameworks can improve robustness under heterogeneous optical regimes,
reduce sensitivity to domain shifts, and mitigate the limitations of individual model
families, particularly in cross-region and cross-sensor applications where no single
modelling approach consistently performs optimally.

4.1.2. Interpretability

The shift toward ML/DL has introduced significant opacity: powerful CNNs and
ensemble models often function as “black boxes,” obscuring the ecological and optical
processes underlying predictions [141]. This limitation restricts adoption in regulatory and
legal contexts, where transparent reasoning is essential [142,143]. Recent advances provide
encouraging directions:

1. SHAP-based feature attribution, which highlights the influence of precipitation and
land cover on nutrient retrieval [62].

2. Global model benchmarking, which clarifies conditions under which models succeed
or fail [67];

3. Physics-informed neural networks (PINNs), which embed optical principles into
learning frameworks to align outputs with biophysical reality.

4.1.3. Uncertainty Quantification

Despite increasing recognition of its importance, explicit and reproducible uncertainty
quantification (UQ) remains uncommon in satellite-based water quality retrieval studies.
Most published work continues to report accuracy metrics such as R2 or RMSE without cal-
ibrated prediction intervals, uncertainty maps, or probabilistic error characterisation [118].
However, operational water quality monitoring requires not only accurate predictions but
also quantified and interpretable measures of reliability to support risk-aware decision-
making [120]. Importantly, uncertainty in satellite-based water quality monitoring is not
generated solely at the model-output stage but accumulates across the full observation-to-
inference pipeline. Substantial uncertainty arises from data acquisition (e.g., sensor noise,
viewing geometry, temporal mismatch between satellite overpass and in situ sampling),
match-up construction (e.g., spatial representativeness and sampling bias), preprocessing
and harmonization (e.g., masking, resampling, cross-sensor calibration), and atmospheric
correction (AC) (e.g., aerosol assumptions, adjacency effects, and variability across AC pro-
cessors). These upstream sources are rarely quantified or propagated explicitly in existing
studies, yet they can exert a first-order influence on retrieval accuracy, transferability, and
validation robustness. As a result, reported performance metrics often reflect a combination
of model skill and uncharacterized upstream uncertainty.

A limited subset of studies has explored uncertainty-aware approaches that illus-
trate the potential direction of the field, but these remain methodologically heterogeneous
and are not yet reported in standardised forms that support cross-study quantitative syn-
thesis. Examples include: (i) geostatistical mapping of spatially explicit retrieval error
surfaces [86]; (ii) Mixture Density Networks and ensemble machine-learning models that
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generate probabilistic outputs with embedded uncertainty [38]; and (iii) uncertainty-aware
deep-learning architectures that attempt to separate epistemic and aleatoric uncertainty,
yielding calibrated reliability estimates relevant for real-time and risk-sensitive applica-
tions [46,68]. While these approaches demonstrate clear methodological promise, their
limited adoption and inconsistent reporting practices, combined with the lack of explicit
treatment of upstream sources of uncertainty, explain why accuracy-only (U0) remains
the dominant pattern observed in the synthesised evidence (Table 13). Addressing this
gap requires moving beyond prediction-level uncertainty toward integrated, end-to-end
uncertainty characterisation that explicitly accounts for acquisition conditions, preprocess-
ing choices, atmospheric correction strategies, and validation design within operational
monitoring frameworks.

4.1.4. Standardisation and Infrastructure

Another persistent bottleneck is the lack of standardised preprocessing protocols,
including atmospheric correction and radiometric calibration, as well as limited cross-sensor
harmonisation and open benchmarks. Comparative studies highlight substantial biases
across atmospheric correction products [48,126], underscoring the need for community-
wide standards. Importantly, these inconsistencies should not be viewed solely as technical
implementation differences but as major sources of uncertainty propagation that directly
influence retrieval accuracy, cross-sensor comparability, and the reliability of water quality
products. Variability in atmospheric correction schemes, preprocessing workflows, and
harmonisation strategies can introduce systematic biases that propagate throughout the
entire retrieval pipeline and are rarely explicitly quantified in current practice. Operational
frameworks must therefore incorporate automated, cloud-based pipelines capable of:

1. Near-real-time (≤48 h) data ingestion and QA/QC;
2. Cross-sensor harmonisation [38,119];
3. Open APIs and FAIR-compliant data services for dissemination.

In this context, standardisation is not only a requirement for scalability but also
a prerequisite for consistent characterisation of uncertainty across datasets, sensors, and
processing chains. Without harmonised preprocessing and transparent documentation of at-
mospheric correction choices, uncertainty arising from upstream processing stages remains
untraceable and may be misinterpreted as model error. Collectively, these infrastructure-
and standardisation-related gaps, situated within the broader systemic barriers summarised
in Figure 11, explain why many promising approaches remain research prototypes rather
than operational tools. Addressing them requires coordinated global initiatives: the de-
velopment of open multi-sensor benchmark datasets [96], advancement of interpretable
and uncertainty-aware ML/DL frameworks [62,68], and investment in standardised, au-
tomated infrastructures [48]. These steps are prerequisites for achieving trusted, scalable,
and policy-relevant operationalisation of water quality remote sensing.

Taken together, the interrelated limitations discussed across Sections 4.1.1–4.1.4 high-
light the need for an integrated, system-level response rather than isolated methodological
improvements. To explicitly connect the identified systemic barriers with the methodologi-
cal solutions synthesised in this review, Figure 12 presents a barrier-to-solution roadmap
that links these challenges to the core components of a transferable, physics-informed, and
uncertainty-aware framework.
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Figure 11. Conceptual illustration of key systemic barriers limiting the transition from research-
oriented satellite-based water quality models to operational monitoring systems, including lim-
ited transferability, weak interpretability, insufficient uncertainty quantification, and fragmented
multi-sensor integration. These interrelated constraints collectively reduce the model’s robustness,
scalability, and applicability for decision support. The visual layout of this figure was developed
with the assistance of a generative artificial intelligence tool for graphical design; all scientific content
and interpretations were defined and validated by the authors, and AI use was limited strictly to
visualisation support.

 

Figure 12. Barrier-to-solution roadmap illustrating how key systemic limitations identified in this
review limited transferability, weak interpretability, insufficient uncertainty quantification, and
fragmented multi-sensor integration—are addressed through an integrated set of methodologi-
cal components. These include global multi-sensor learning, a physics-informed modelling core,
uncertainty-aware modelling (capturing both aleatoric and epistemic uncertainty), and harmonised
validation strategies. Arrows indicate the directional relationships between systemic barriers, method-
ological components, and operational outcomes, showing how each limitation is systematically
mitigated and translated into transferable, decision-grade, and operational satellite-based water
quality monitoring products.
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4.2. Comparative Insights: A Quantitative Meta-Summary of Reported Model Performance

To complement the preceding synthesis of methodological and structural gaps, we
conducted a quantitative, distribution-aware meta-summary of reported validation perfor-
mance across the reviewed literature. The aim of this synthesis is not to estimate pooled
or average performance, but to characterise the empirical distribution of reported skill
levels across heterogeneous observational, ecological, and modelling contexts. Before
interpreting absolute performance levels, it is essential to emphasise that reported accuracy
is strongly conditioned on validation design. As demonstrated in Section 3.4, models
evaluated using random or spatially non-independent cross-validation consistently report
inflated performance relative to those assessed under spatially or temporally independent
validation. Accordingly, all quantitative comparisons presented below are interpreted
primarily through the lens of validation robustness, rather than peak reported accuracy. To
mitigate within-study dependence arising from frequent evaluation of multiple models
or hyperparameter configurations, the primary synthesis retained a single performance
estimate per study. Following established practice in large-scale evidence mapping, we
selected the best-performing model configuration as reported by the original authors. We
explicitly acknowledge that this aggregation rule is susceptible to upward bias, reflecting
selective reporting of peak performance rather than expected operational behaviour. Con-
sequently, this choice is treated as a pragmatic device to enable cross-study comparability,
not as an estimator of deployable performance. The sensitivity of the comparative insights
to this selection strategy was therefore explicitly evaluated using alternative within-study
aggregation rules, as described below.

Validation performance was primarily reported using coefficients of determination
(R2), complemented where available by error-based metrics such as RMSE and NSE. Given
the pronounced heterogeneity in sensors, spatial scales, ecosystems, and validation proto-
cols, a distribution-aware synthesis was adopted to preserve cross-study variability and
avoid the interpretive distortions inherent in pooled or mean-based summaries. Figure 13
summarises the resulting comparative evidence by presenting empirical distributions of
reported R2 values for empirical and physics-based approaches relative to machine learning
(ML) and deep learning (DL) models across major water quality parameters. Violin–box
representations jointly depict central tendency and dispersion (median and interquartile
range), enabling robust cross-study comparison while retaining information on variability,
skewness, and validation-dependent performance spread.

Across the reviewed literature, chlorophyll-a (Chl-a) emerges as the most consistently
and accurately retrieved parameter. Deep learning architectures, particularly convolutional
neural networks (CNNs), routinely report R2 values exceeding 0.90 for Sentinel-2–based ap-
plications [35,64], while global CNN frameworks demonstrate encouraging cross-ecosystem
transferability [67]. Total suspended matter (TSM) is likewise retrieved with high accuracy:
physics-based radiative transfer models commonly achieve R2 values of approximately
0.85–0.92 [41,99], and recent advances in quantisation-aware CNNs report near-operational
performance (e.g., NSE ≈ 0.83 with RMSE ≈ 3.6 mg L−1), enabling edge-ready deploy-
ments [68]. In parallel, regional hybrid models that integrate satellite observations with
meteorological and land-use drivers further enhance explanatory power for turbidity dy-
namics [75]. Turbidity retrievals, whether based on empirical ratios or ML frameworks,
frequently achieve R2 values above 0.9 [45,60]; however, empirical approaches remain
highly site-specific and exhibit limited robustness beyond their calibration domains. In
contrast, non-optical parameters display substantially greater dispersion in reported perfor-
mance. For total phosphorus (TP), ensemble learning methods such as random forests and
gradient-boosting models can reach R2 values of approximately 0.7–0.8 under favourable
conditions [62,78], yet predictive skill remains inconsistent across ecosystems and hydro-
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logical regimes. Total nitrogen (TN) retrievals exhibit pronounced seasonal dependence,
with strong performance reported during wet periods (R2 up to 0.92) but sharp degra-
dation under dry conditions [42]. Similarly, colored dissolved organic matter (CDOM)
retrievals achieve moderate-to-high accuracy (R2 ≈ 0.8) using both physics-based and ML
approaches [91,144], although transferability is frequently constrained by covariance with
Chl-a and TSM and by sensitivity to atmospheric correction choices.

 

Figure 13. Distribution-aware comparison of model performance across major water quality pa-
rameters. Violin/box representations summarise the distribution of reported R2 values for machine
learning and deep learning (ML/DL) models versus physics-based and empirical approaches across
key water quality parameters. Central tendency and dispersion (median and interquartile range)
are shown to capture variability across studies, providing a robust, distribution-aware quantitative
synthesis of evidence that goes beyond mean-based summaries.

Long-term validation efforts further indicate that atmospheric correction (AC) prod-
ucts exert a non-negligible influence on retrieval reliability, with systematic biases observed
across AC schemes and sensors [48,126]. Collectively, these findings reinforce a fundamen-
tal trade-off among model families. Empirical approaches are computationally efficient and
can achieve high local accuracy but lack robustness and transferability [96]. Physics-based
models offer physical interpretability grounded in first principles, yet their reliance on
detailed characterisation of inherent optical properties limits scalability and operational
deployment [30]. Learning and deep learning frameworks consistently deliver the strongest
reported predictive performance, particularly when multi-sensor observations and contex-
tual drivers are incorporated [135,137]; however, their limited physical transparency and
inconsistent reporting of predictive uncertainty continue to constrain trust and adoption in
policy and regulatory contexts [96,127].

Sensitivity to Model-Selection Strategy

To evaluate the sensitivity of the quantitative synthesis to the choice of within-study
model selection, we conducted an alternative aggregation in which the median reported
performance per study was retained when multiple model configurations were available.
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This sensitivity analysis systematically reduced absolute performance across all model
families, confirming selection-related inflation in the primary synthesis. Importantly, how-
ever, the relative ranking of model families and the cross-parameter patterns observed in
Figure 13 remained qualitatively consistent. These results indicate that while absolute R2

values are sensitive to model-selection strategy, the comparative insights and structural
conclusions drawn from the distribution-aware synthesis are robust to reasonable alterna-
tive aggregation rules. Table 17 synthesises these comparative insights by summarising
the reported ranges of R2 and RMSE across empirical, physics-based, and learning-based
approaches. Together, the synthesis highlights domains of methodological maturity (Chl-a,
TSM, turbidity) alongside parameters for which fundamental challenges remain unre-
solved (TP, TN, CDOM), underscoring the need for transferable, physically informed, and
uncertainty-aware modelling strategies.

Table 17. Comparative synthesis of reported model performance for key water quality parame-
ters. The table summarises study-level ranges of reported coefficients of determination (R2) and
root-mean-square error (RMSE) values across empirical, physics-based, and learning-based ap-
proaches. Performance ranges reflect one representative performance estimate per study, following
the dependency-control and model-selection rules described in Section 4.2. R2 is used as the primary
comparative metric, while RMSE values are reported where available to provide complementary
context. The synthesis highlights systematic differences in accuracy, transferability, and robustness
between optically active and non-optical water quality variables.

Parameter Illustrative
Studies

Dominant
Model Types

Reported
R2 Range

Reported
RMSE
Range

RMSE
Units Comparative Insight

Chlorophyll-a
(Chl-a) [64,67] CNNs; global

DL frameworks 0.90–0.95 2–5 µg L−1

Highest reported accuracy across
sensors; global CNNs show improved

generalisation, though shallow and
optically complex waters

remain challenging.

Total Suspended
Matter (TSM) [41,68,75]

Physics-based RTMs;
quantised CNNs;

RF/XGB with drivers
0.83–0.92 3–10 mg L−1

Physics-based models remain robust;
quantisation-aware DL enables

edge-ready deployments; regional
performance is enhanced by land-use

and climate drivers.

Turbidity [45,61] Empirical ratios; ML 0.88–0.93 3–8 NTU
Empirical methods perform strongly

in local settings; ML approaches
improve cross-site generalisation.

Total
Phosphorus (TP) [62,78] RF; Extra Trees;

XGB + SHAP 0.70–0.80 0.04–0.08 mg L−1

Retrieval skill remains variable;
contextual drivers (e.g., land use,

precipitation) are critical for
improved performance.

Total Nitrogen (TN) [42] RF; ML 0.50–0.92 — —

Strong seasonal dependence; high
performance during wet periods (R2

up to 0.92) but substantial degradation
under dry conditions.

Colored Dissolved
Organic

Matter (CDOM)
[91,121] Physics-based; ML 0.80–0.85 0.05–0.10 m−1

Moderate-to-high accuracy;
transferability limited by covariance

with Chl-a and TSM and sensitivity to
atmospheric correction.

Dissolved
Oxygen/Secchi

Depth
[126] RF with AC products 0.30–0.40 — —

Weak predictive skill; highlights
challenges related to atmospheric

correction and shallow-water effects.

Long-term trends
(multi-product) [48] Multi-product

AC intercomparison
≤0.88

(565 nm) — Reflectance

Reliable interannual trends observed;
absolute performance and bias depend

strongly on the atmospheric
correction scheme.
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4.3. Policy and Scientific Implications

The evidence synthesised in this review indicates that satellite-based water quality
monitoring has reached a critical inflexion point: methodological sophistication has ad-
vanced rapidly, yet structural barriers continue to impede systematic operationalisation.
Figure 14 conceptualises this transition pathway by linking prevailing research paradigms
to systemic limitations and, subsequently, to the enabling conditions required for deploy-
ment within decision-grade monitoring systems. The left panel reflects the dominant
research configuration identified throughout this synthesis: sensor-specific algorithms, geo-
graphically localised calibration, and models frequently evaluated under non-independent
validation. The central panel summarises the structural constraints repeatedly observed
across Sections 3 and 4.2: limited transferability across optical regimes and regions, weak
interpretability of complex ML/DL architectures, insufficient and non-standardised un-
certainty quantification, and fragmented multi-sensor processing infrastructure. The right
panel outlines the necessary transition conditions: cross-sensor-transferable models, in-
terpretable and uncertainty-aware learning frameworks, and harmonised, automated,
cloud-based pipelines capable of sustained operational delivery.

 

Figure 14. The conceptual framework illustrates the transition from research-oriented to opera-
tional, decision-grade, satellite-based water quality monitoring systems. The diagram links current
sensor-specific and location-dependent approaches to key limitations, limited transferability, weak
interpretability, and insufficient uncertainty quantification and outlines pathways toward deployment
through transferable models, interpretable and uncertainty-aware ML/DL frameworks, and auto-
mated cloud-based processing pipelines. It emphasises that operationalisation requires coordinated
advances across methodological, infrastructural, and governance dimensions. The visual layout
was developed with the assistance of a generative artificial intelligence tool for graphical design; all
scientific content and interpretations were defined and validated by the authors, with AI use limited
strictly to visualisation support.

From a policy perspective, the implications are substantial. Satellite-derived water
quality products are increasingly positioned to support regulatory compliance, basin-
scale nutrient management, and early-warning systems for bloom events and sediment
pulses [145,146]. However, the distribution-based performance synthesis presented in
Section 4.2 demonstrates that reported predictive accuracy alone is insufficient to guarantee
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regulatory credibility. Transferability across heterogeneous optical regimes and transparent
communication of uncertainty emerge as preconditions for policy integration. As shown
in Figure 14, operationalisation therefore requires coordinated progress not only in model
performance, but in validation rigour, preprocessing transparency, and infrastructure inter-
operability. The documented sensitivity of retrieval outcomes to atmospheric correction
schemes [48,126] further reinforces that preprocessing standardisation is not a peripheral
technical detail but a foundational requirement for regulatory trust.

Beyond governance implications, synthesis also redefines priorities for research design.
Table 18 consolidates the primary scientific directions emerging from this review, trans-
lating systemic barriers into structured research imperatives. Geographically distributed
validation and cross-regime benchmarking are essential for mitigating calibration-domain
bias and improving transferability [38,78]. Multi-source data integration linking satellite
observations within situ networks, IoT sensors, hydrological models, and meteorological
drivers consistently enhances contextual robustness and explanatory interpretability [38,147].
Equally critical is the institutionalisation of uncertainty-aware modelling practices. While
Bayesian, ensemble, and probabilistic deep-learning approaches demonstrate technical
feasibility [38,68,119], the dominance of accuracy-only reporting identified in earlier sec-
tions indicates that uncertainty discipline remains unevenly operationalised. Emerging
sensor modalities, including hyperspectral missions such as SDGSAT-1 and exploratory mi-
crowave applications [93,148], expand observational capacity but simultaneously intensify
the need for rigorous cross-sensor harmonisation. Without standardised interoperabil-
ity frameworks, increasing sensor diversity risks amplifying fragmentation rather than
strengthening monitoring capability. Consequently, the pathway from research to opera-
tions must be conceptualised as a system-level transformation that integrates methodologi-
cal innovation, computational infrastructure, validation harmonisation, and institutional
alignment. Taken together, Figure 14 and Table 18 articulate a coherent roadmap: achiev-
ing reliable, decision-grade water quality monitoring requires embedding transferability,
interpretability, and uncertainty quantification directly within model development, eval-
uation, and reporting practices. The transition is therefore neither purely technical nor
purely administrative; it is a coordinated evolution across scientific design, computational
architecture, and governance integration. Only under such an integrated paradigm can
satellite remote sensing fulfil its potential as a scalable, trustworthy component of global
water quality management systems.

Table 18. High-level synthesis of policy-relevant and scientific implications for advancing satellite-
based water quality monitoring, highlighting priority directions in operational integration, multi-
source data fusion, uncertainty-aware modelling, transferability, and emerging sensor development.

Implication Rationale/Key Finding Supporting
References

Operational Policy Integration Satellite-derived products can be embedded in regulatory frameworks and
near-real-time management systems; they require QA/QC and AC transparency [19,48,145,147]

Crisis Management Rapid detection of algal blooms, floods, and pollution events supports emergency
response and mitigation [14,146,149]

Long-Term Trend Analysis Multi-decadal archives (Landsat, Sentinel, GCOM-C) enable robust detection of
interannual trends and drivers of water quality change [44,48,137]

Scientific Direction: Data Integration Multi-source integration (satellite + IoT + hydrology + meteorology) improves
robustness and interpretability [75,133,138]

Scientific Direction: Uncertainty UQ must be standardised, with probabilistic outputs for risk-sensitive decisions [38,62,68,119]

Scientific Direction: Transferability Models must be trained on diverse datasets; global CNNs and transfer learning
approaches offer pathways [38,42,67,78]

Emerging Sensors Exploration of novel modalities (e.g., microwave, SDGSAT-1 hyperspectral) is a
frontier for next-gen monitoring [47,148]

https://doi.org/10.3390/rs18071098

https://doi.org/10.3390/rs18071098


Remote Sens. 2026, 18, 1098 48 of 65

5. A Proposed Transferable Framework
The synthesis of the reviewed literature highlights a clear need to move beyond

prevailing retrieval paradigms toward next-generation frameworks that explicitly address
four persistent and interrelated limitations: restricted transferability across sensors and
regions, limited physical interpretability, insufficient treatment of predictive uncertainty,
and fragmented multi-sensor integration and infrastructure [36,45]. Building directly on
the methodological and empirical gaps identified through the quantitative and qualitative
analyses presented in Sections 3 and 4, this section proposes an integrated framework
that synthesises existing advances while delineating directions that remain conceptual or
exploratory. To avoid overinterpretation, it is important to distinguish clearly between
framework components that have been demonstrated in the literature and those that
currently represent aspirational research directions. Accordingly, the elements described
below are explicitly contextualised based on their current levels of empirical validation
and operational maturity, ranging from prototype-scale demonstrations to conceptual
extensions that require further investigation.

As illustrated in Figure 15, the proposed framework adopts an end-to-end, modular
design linking multi-source data ingestion, physics-informed learning, and uncertainty-
aware outputs. Data harmonisation and integration demonstrated in numerous regional
and multi-sensor studies constitute a mature foundational layer, enabling the alignment of
harmonised satellite observations (e.g., Sentinel-2, Landsat-8/9, MODIS, and complemen-
tary commercial platforms) with in situ measurements and emerging IoT sensor streams.
While such harmonisation strategies are increasingly well established at regional and conti-
nental scales, their seamless extension to fully global, continuously updated infrastructures
remains an active area of development. At the core of the framework, physics-informed
neural networks (PINNs) demonstrated at prototype and regional scales in recent stud-
ies provide a principled mechanism for embedding physical consistency directly within
data-driven learning processes. By constraining model behaviour through physical laws or
process-based regularisation, these approaches offer a pathway toward improved generali-
sation beyond purely empirical formulations. However, their deployment in large-scale,
operational water quality monitoring systems remains limited and heterogeneous across pa-
rameters and sensing platforms. An explicit uncertainty quantification module is a central
yet variably mature component of the proposed framework. Bayesian and ensemble-based
uncertainty-aware formulations have been demonstrated in controlled experiments and
selected regional applications, enabling partial propagation of input and model uncertainty
to predicted water quality products. Nevertheless, comprehensive uncertainty propagation
across multi-sensor, multi-parameter workflows remains inconsistently implemented and
largely absent from operational monitoring systems, underscoring the need for further
methodological consolidation. The workflow culminates in spatially explicit water quality
products accompanied by corresponding uncertainty layers. While uncertainty-aware
outputs have been demonstrated in research and pilot contexts, their routine integration
into decision-grade monitoring and management workflows remains predominantly aspi-
rational. Consequently, rather than presenting an immediately deployable solution, the
proposed framework outlines a structured pathway for progressively translating research-
oriented retrieval models into physically consistent, transferable, and uncertainty-aware
monitoring systems, directly addressing the limitations identified in the preceding sections.

5.1. Transferable Architecture

A persistent challenge in satellite-based water quality monitoring is the limited gener-
alizability of retrieval models across diverse aquatic systems, optical regimes, and obser-
vational contexts. To address this limitation, the proposed framework adopts a globally
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trained, multi-sensor learning architecture that harmonises observations from platforms
such as Sentinel-2, Landsat-8/9, MODIS, and Planet Scope [150,151]. By leveraging shared
spectral–optical characteristics across sensors and water bodies, this approach aims to
capture transferable relationships among reflectance constituents rather than site-specific
correlations, thereby reducing the need for repeated local recalibration [152]. Recent
advances support the feasibility of such architecture. Globally trained convolutional neu-
ral networks have demonstrated robust performance for chlorophyll-a retrieval across
heterogeneous inland and coastal waters [67], while quantisation-aware and edge-ready
implementations indicate that scalable models can be deployed efficiently across both
cloud-based and resource-constrained environments [68]. These developments position
multi-sensor learning as a practical foundation for operational-scale monitoring. Impor-
tantly, transferable architecture need not rely on a single global model. Given the diversity
of optical regimes, sensor characteristics, and target parameters, model performance is
inherently context-dependent, and no single modelling approach consistently performs
optimally across all conditions. In this context, multi-model fusion and ensemble-based
architecture provide a complementary strategy for enhancing robustness and generalisa-
tion. Such approaches may include mixture-of-experts frameworks, stacked ensembles,
or context-conditioned routing mechanisms that dynamically select or weight empirical,
physics-based, and ML/DL models based on input characteristics (e.g., OWT class, sensor
type, or environmental conditions). By combining complementary inductive biases and
strengths across model families, fusion-based architectures can reduce model-specific errors,
improve adaptability across heterogeneous domains, and provide more stable performance
under cross-region and cross-sensor deployment scenarios.

 
Figure 15. Conceptual diagram of the proposed transferable, physics-informed, and uncertainty-
aware framework for satellite-based water quality monitoring. The schematic illustrates the end-
to-end workflow from multi-source inputs (satellite and in situ data), through a physics-informed
modelling framework incorporating data harmonisation, a PINN-based core, and uncertainty quan-
tification, to operational outputs including water quality and uncertainty maps. Color coding is used
for visual grouping of major components (inputs, modelling framework, and outputs) and does not
represent quantitative differences or additional data dimensions.

Within this architectural paradigm, Optical Water Type (OWT) information serves as
a key conditioning variable to improve transferability and interpretability. OWTs can be
incorporated as conditional inputs, stratification layers, or validation axes, enabling regime-
aware learning and evaluation. Importantly, the specific form of OWT integration is not
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uniform, but depends on the classification paradigm (e.g., spectral clustering, component-
dominant, or rule-based), sensor spectral capability, and retrieval model architecture. This
context-dependent alignment determines how effectively optical-regime heterogeneity is
represented during learning. In this framework, OWT sensor model alignment should
be treated as a design variable rather than a post hoc adjustment. For example, spectral
clustering-based OWTs are naturally compatible with multisensory ML/DL architecture
through conditional learning or stratified training, whereas component-dominant OWTs
are more aligned with physics-informed or hybrid models that explicitly leverage bio-
optical relationships. Rule-based OWTs, while operationally simple, are better suited to
constrained or stable environments and are typically integrated into empirical or semi-
analytical workflows. Collectively, these considerations indicate that transferability is not
solely a function of model complexity or data volume, but emerges from the coordinated
design of OWT representation, sensor characteristics, modelling strategy, and, where
appropriate, fusion across complementary model families. Embedding this alignment
within the architecture provides a principled pathway toward scalable, transferable, and
uncertainty-aware satellite-based water quality monitoring systems.

5.2. Physics-Informed Core

Within the proposed transferable framework, physical consistency is enforced through
an explicit physics-informed learning formulation rather than being treated as a purely
conceptual or post hoc regularisation. Consistent with the general paradigm of physics-
informed neural networks [115], model training is expressed as the minimisation of
a composite objective function that balances empirical data fidelity with physically
grounded constraints:

L = Ldata + λ L_phys,

where Ldata represents the empirical data-misfit term, typically formulated using mean
squared error or related loss functions, quantifying discrepancies between predicted and
observed water quality parameters derived from near-synchronous in situ matchups. The
second term LRT (also referred to as the physics-consistency loss) constrains the solution
space to remain compatible with established radiative-transfer theory and bio-optical
relationships governing light–water interactions [116,153]. The weighting parameter λ

controls the relative influence of physical constraints and data fidelity and is typically
selected via cross-validation or sensitivity analysis to ensure physical consistency while
preserving predictive performance. In the context of satellite-based water quality retrieval,
a representative formulation of the physics-based constraint can be expressed as a radiative-
transfer consistency loss:

LRT = || Rˆ
rs − FRT(p^) ||2,

where Rˆ
rs denotes the predicted remote-sensing reflectance, p^ represents the estimated set

of water quality constituents, and FRT is a forward radiative-transfer operator derived from
physically based bio-optical models. This formulation reflects the core principle underlying
radiative-transfer-based inversion methods, in which spectral residuals between modelled
and observed reflectance are minimised to enforce physical plausibility [54,105,153]. Opera-
tionally, the radiative-transfer constraint may be implemented in multiple forms depending
on computational requirements and deployment objectives. These include (i) differentiable
radiative-transfer layers embedded directly within the learning architecture, as commonly
adopted in physics-informed and hybrid neural networks [115,116], or (ii) lookup-table-
based constraints derived from simplified forward bio-optical models, which penalise de-
partures from physically admissible reflectance constituent relationships while preserving
computational efficiency [153,154]. For optically active constituents such as chlorophyll-a

https://doi.org/10.3390/rs18071098

https://doi.org/10.3390/rs18071098


Remote Sens. 2026, 18, 1098 51 of 65

and total suspended matter, the physics-based loss directly constrains predictions through
well-established absorption and scattering relationships. In contrast, optically inactive
parameters, including total nitrogen and total phosphorus, are constrained indirectly via
their learned coupling with optically active proxies and contextual hydrological or bio-
geochemical drivers. By embedding physical structure directly into the learning objective,
the proposed framework suppresses spurious correlations, enhances interpretability, and
establishes traceable links between model outputs and governing mechanisms properties
increasingly recognised as prerequisites for regulatory acceptance, cross-site transferability,
and operational trust in satellite-derived water quality products [37,60].

5.3. Uncertainty-Aware Outputs

Deterministic point estimates inherently limit the suitability of satellite-derived water
quality products for operational and regulatory decision-making, as they fail to convey
confidence, risk, or conditions under which predictions may degrade. To overcome this
limitation, the proposed framework explicitly integrates uncertainty-aware modelling com-
ponents, including Bayesian learning formulations and Monte Carlo dropout, to generate
calibrated, pixel-level predictive intervals alongside mean estimates [119]. This probabilis-
tic treatment enables a principled decomposition of predictive uncertainty into aleatoric
uncertainty, driven by noise measurement, atmospheric variability, and environmental
heterogeneity, and epistemic uncertainty, associated with model structure, limited or biased
training data, and cross-domain or cross-sensor transfer. Importantly, uncertainty-aware
outputs should not be interpreted solely as a property of model predictions, but as the
outcome of the full observation-to-inference pipeline. In addition to model-derived uncer-
tainty, reliable water quality products should account for upstream sources of uncertainty
arising from sensor characteristics and data acquisition, match-up construction, prepro-
cessing and cross-sensor harmonisation, and atmospheric correction (AC). Variability in
AC schemes, input data quality, and harmonisation strategies can introduce systematic
biases and uncertainty that propagate through the retrieval process, yet are rarely explicitly
quantified in current implementations. As such, uncertainty-aware outputs should ide-
ally incorporate, or at a minimum transparently document, these upstream contributions
to enable consistent interpretation across sensors, regions, and temporal conditions. Re-
cent empirical evidence highlights the practical relevance of this integrated perspective
in dynamic aquatic systems. For instance, strong seasonal sensitivity of total nitrogen
retrievals to rainfall regimes demonstrates that uncertainty inflation, rather than point
accuracy alone, is often the primary indicator of model reliability under hydrologically
variable conditions [42]. Complementary to probabilistic uncertainty quantification, post
hoc explainability techniques such as SHAP attribution have been shown to enhance
interpretability by revealing the relative influence of contextual drivers, including precipi-
tation and land-use patterns, on nutrient variability [62]. Importantly, such explainability
analyses do not constitute uncertainty quantification; rather, they provide diagnostic in-
sight into model behaviour that can be jointly interpreted with uncertainty estimates.
Taken together, these advances underscore the necessity of integrated frameworks that
combine explicit uncertainty characterisation with transparent model interpretation and
pipeline-aware uncertainty documentation to support confidence-aware, decision-grade
water quality monitoring.

5.4. Illustrative Prototype/Workflow

To demonstrate how the proposed framework can be instantiated beyond a purely
conceptual level, we outline an illustrative prototype workflow representative of realis-
tic cross-sensor and cross-domain deployment scenarios in satellite-based water quality

https://doi.org/10.3390/rs18071098

https://doi.org/10.3390/rs18071098


Remote Sens. 2026, 18, 1098 52 of 65

monitoring. In this workflow, harmonised multispectral satellite observations, specifically
Sentinel-2 MSI for model training and Landsat-8/9 OLI for deployment, are ingested
alongside sparse in situ measurements and auxiliary hydrometeorological drivers. A dedi-
cated data harmonisation layer enforces cross-sensor radiometric consistency and aligns
spatial and temporal resolutions prior to model inference, thereby minimising systematic
discrepancies arising from sensor-specific characteristics. The harmonised inputs are sub-
sequently processed by a physics-informed learning core, in which physical constraints
derived from radiative transfer theory and inherent optical properties are embedded in the
learning objective. These constraints remain fixed during deployment, ensuring physically
plausible predictions across diverse optical regimes. Model transferability is explicitly
assessed by applying a globally trained configuration calibrated using Sentinel-2 data to
water bodies, seasons, or sensor domains not represented in the calibration dataset, thereby
testing generalisation beyond site-specific conditions. Uncertainty-aware inference is then
performed to propagate input uncertainty, model uncertainty, and observation-related
variability through to the final outputs. This enables explicit tracking of uncertainty shifts
during cross-sensor transfer, with particular emphasis on epistemic uncertainty inflation
due to domain mismatch rather than calibration noise. The resulting products consist of
spatially explicit water quality parameter maps accompanied by pixel-level uncertainty
estimates, supporting confidence-aware interpretation and downstream decision-making.
This illustrative prototype does not constitute a full experimental case study but rather
provides a reproducible, implementation-oriented blueprint that demonstrates how multi-
sensor data integration, physics-informed modelling, and uncertainty-aware outputs can
be coherently combined within a single, transferable pipeline. Depending on latency and
operational requirements, practical implementations may leverage cloud-based process-
ing environments or edge-optimised models. Together with the architectural overview in
Figure 15 and the component-level synthesis in Table 19, this workflow clarifies how the pro-
posed framework can transition from conceptual design to reproducible and operationally
relevant applications.

Table 19. Core components of the proposed transferable, physics-informed, and uncertainty-aware
framework for satellite-based water quality monitoring. The table delineates the distinct roles of
transferability, physical consistency, probabilistic uncertainty quantification, model interpretability,
and multi-source data integration, highlighting how their coordinated implementation supports
reproducible and decision-grade operational monitoring.

Component Rationale & Functionality Supporting
Evidence Recent Advances/Next Steps

Transferable
Architecture

Global multi-sensor training improves cross-site
and cross-sensor generalizability while reducing

dependence on repeated local recalibration.
[38,132,150,155]

Global CNNs for Chl-a retrieval [67];
edge-ready and quantised CNNs enabling

near-real-time deployment [68].

Physics-Informed Core

Embeds radiative-transfer relationships and
optical constraints directly into learning

objectives to enforce physical consistency and
improve interpretability across optical regimes.

[13,33,37,60,105]
Physics-informed neural networks with
improved physical transparency under

active evaluation in aquatic optics

Uncertainty-Aware
Output

Provides calibrated prediction intervals and
explicitly separates aleatoric and epistemic

uncertainty to support risk-aware interpretation
and decision-grade applications.

[38,103,119,137]

Advances in pixel-level uncertainty
estimation and calibration; analysis of model

sensitivity under seasonal hydrological
variability as a complementary context [42].

Model Interpretability
(Complementary)

Enhances transparency by identifying contextual
and environmental drivers that influence model

predictions, without constituting
uncertainty quantification.

[62,67]

SHAP-based attribution revealing effects of
precipitation and land use on nutrient

variability; global benchmarking to delineate
domains of model validity

Multi-Source
Integration

Combines satellite, UAV, in situ, IoT, and
auxiliary drivers (hydrology, meteorology) to

improve robustness across spatial and
temporal scales.

[133,138,147]

Socio-hydrological data fusion for turbidity
dynamics [75]; cross-product

atmospheric-correction benchmarking and
bias assessment [19,48]

https://doi.org/10.3390/rs18071098

https://doi.org/10.3390/rs18071098


Remote Sens. 2026, 18, 1098 53 of 65

6. Future Research Directions
Building on the distribution-based evidence synthesis and the transferable, physics-

informed, and uncertainty-aware framework proposed in Section 5, future research in satellite-
based water quality monitoring should prioritise structural robustness rather than incremental
algorithmic refinement. The central challenge is no longer merely improving in-domain
accuracy, but ensuring transferability across optical regimes and regions, embedding cali-
brated uncertainty into operational workflows, and aligning methodological innovation with
deployable infrastructures. Progress, therefore, depends on coordinated evolution across
sensing capabilities, modelling paradigms, and implementation ecosystems.

6.1. Advancing Sensing and Data Ecosystems

Continued improvements in sensor technology will expand observational capacity, but
their value depends on interoperability and harmonisation. Hyperspectral satellite missions
with enhanced spectral resolution offer improved discrimination of overlapping absorption
and scattering features in optically complex waters, strengthening both parameter retrieval
and calibration stability [94]. Early evidence from SDGSAT-1 indicates that improved signal-
to-noise ratios and spatial resolution can outperform Sentinel-2 under selected inland
and coastal conditions, although cross-mission calibration and atmospheric correction
consistency remain unresolved constraints [47].

Beyond passive multispectral sensing, integration of complementary modalities rep-
resents a strategic direction. Microwave and LiDAR systems address structural limi-
tations of optical sensors under highly turbid, low-illumination, or ice-covered condi-
tions [148,156,157]. At finer scales, UAV-borne hyperspectral observations and IoT-enabled
in situ networks reduce temporal aliasing and strengthen calibration in optically hetero-
geneous systems [22]. Future sensing strategies should therefore emphasise harmonised
multi-source acquisition pipelines, in which satellite, airborne, and ground-based observa-
tions are interoperable by design rather than reconciled retrospectively.

6.2. Methodological Priorities: Transferability, Uncertainty, and Temporal Robustness

Methodological research must increasingly focus on robustness under spatial and
temporal domain shifts. Generalised, physics-informed learning frameworks remain a
promising pathway for reducing calibration-domain bias by embedding radiative-transfer
constraints and inherent optical structure directly within the learning objective [105,106,158].
However, empirical validation across diverse optical water types and climatic regimes
remains limited, underscoring the need for geographically distributed benchmarking and
regime-aware validation designs. In addition, future methodological development should
explicitly examine multi-model fusion and ensemble learning strategies to improve trans-
ferability and robustness. By combining the complementary strengths of empirical, physics-
based, and data-driven models, fusion frameworks can enhance physical consistency,
nonlinear predictive capability, and adaptability across heterogeneous optical regimes.
Approaches such as mixture-of-experts, stacked ensembles, and context-conditioned model
routing (e.g., based on OWT or environmental drivers) offer promising pathways to miti-
gate domain-specific model limitations and improve cross-region generalisation, although
systematic evaluation and standardisation of these methods remain limited. Uncertainty
quantification should be institutionalised as a core design principle. Pixel-level proba-
bilistic outputs enable risk-aware interpretation in regulatory contexts, particularly where
predictive skill varies systematically across seasons or hydrological regimes. Bayesian
ensembling and Monte Carlo dropout offer scalable mechanisms for estimating and decom-
posing epistemic and aleatoric uncertainty within operational pipelines [119,159]. Seasonal
sensitivity analyses, such as those demonstrating rainfall-driven variability in total nitrogen
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retrieval [42], illustrate that uncertainty inflation often provides earlier diagnostic insight
into model degradation than point accuracy alone. Importantly, uncertainty characterisa-
tion should extend beyond model predictions to include upstream sources arising from
data acquisition, preprocessing, atmospheric correction, and reference-data construction,
which collectively influence the reliability and transferability of retrieval outputs. Temporal
generalisation further requires explicit evaluation protocols. Multi-year hold-out valida-
tion, drift-aware monitoring using residual and uncertainty diagnostics, and structured
model updating strategies can mitigate non-stationarity in climate-sensitive aquatic sys-
tems. Rather than treating temporal stability as an assumed property of trained models,
future work should conceptualise it as an operational capability supported by adaptive
evaluation and recalibration mechanisms.

6.3. Implementation and Infrastructure Feasibility

Translating advanced models into operational systems entails non-trivial infrastruc-
tural constraints. Physics-informed and probabilistic frameworks typically increase com-
putational demand, requiring careful trade-offs between latency, spatial resolution, and
uncertainty characterisation. Cloud-native processing environments offer scalable solutions
for ingesting asynchronous, multi-sensor data streams and executing harmonised pipelines
in near real time [133,160]. At the same time, edge-optimised inference strategies may
support latency-sensitive applications such as bloom detection and event-driven hazard
monitoring [68,149]. Cross-mission harmonisation remains a structural prerequisite for
reliable long-term monitoring. Persistent inconsistencies in atmospheric correction schemes,
radiometric calibration, and product definitions introduce systematic biases across archives,
affecting both absolute retrievals and trend analyses [126,161]. Addressing these con-
straints requires coordinated data standards, transparent preprocessing documentation,
and interoperable processing chains that ensure reproducibility across sensors and time.
Equally critical is regulatory credibility. Even high-performing models may face limited
adoption if their outputs lack transparent uncertainty quantification, clear communication,
or traceable physical grounding. Standardised metadata, uncertainty layers, and decision-
ready reporting formats aligned with regulatory frameworks are, therefore, central to
embedding satellite-derived indicators within compliance and water-resource management
systems [41,150,162].

6.4. Toward a Global, Decision-Grade Monitoring Infrastructure

Realising a globally interoperable monitoring infrastructure requires integration be-
yond individual missions or models. As synthesised in Table 20, priority directions con-
verge around five interdependent domains: advanced sensor integration, generalised
physics-informed modelling, robust uncertainty quantification, automated data harmoni-
sation, and science-to-policy alignment. These elements collectively delineate a scalable
pathway toward transferable and decision-grade systems.

Long-term credibility additionally depends on cross-site calibration stability, transpar-
ent uncertainty reporting, and bias-aware trend detection, as inter-product discrepancies
continue to influence interannual assessments [126,162]. Routine delivery of uncertainty-
aware products, including prediction intervals and quality flags, remains essential for
risk-informed interpretation across use cases. Figure 16 synthesizes these research priori-
ties into a structured roadmap linking current site-specific paradigms to an interoperable,
uncertainty-aware global monitoring system. The roadmap integrates technological in-
novation, methodological discipline, and infrastructural harmonization into a coherent
transition pathway.
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Table 20. Roadmap summarising priority research directions for advancing satellite-based water
quality monitoring toward transferable, uncertainty-aware, and operationally deployable systems,
highlighting scientific rationale, supporting evidence, and emerging implementation pathways.

Direction Rationale & Contribution Supporting
Evidence Recent Advances/Next Steps

Advanced
Sensor Integration

Enables monitoring in complex
environments through multi-modal
observations (hyperspectral, UAV,

IoT, microwave/LiDAR).

[148,149]
SDGSAT-1 high SNR for turbid waters
[47]; UAV–IoT fusion for near-real-time

validation [22].

Development of
Generalised Models

Reduces site-specificity by
embedding physical constraints and

training across diverse
aquatic systems.

[37]
Global CNN generalisation [67];

integration of PINNs
under development

Robust Uncertainty
Quantification

Delivers decision-grade prediction
intervals and separates epistemic and

aleatoric uncertainty.
[38,119]

Seasonal TN sensitivity highlighting
uncertainty under hydrologic

variability [42]; QAT models with
embedded uncertainty for

near-real-time deployment [68]

Data Harmonisation
& Automation

Supports consistent long-term records
and near-real-time product delivery. [38,133] Cross-product atmospheric-correction

benchmarking [48,126]

Science-to-Policy
Translation

Aligns satellite products with
regulatory frameworks and

management needs.
[5,41,150]

Event-driven hazard analytics [149];
integration into compliance

monitoring pilots

 

Figure 16. Conceptual roadmap illustrating the transition from site-specific, research-oriented water
quality models to scalable and interoperable operational monitoring systems. The framework links
the current state of sensor- and site-specific approaches to future research directions, including
technological advancements (e.g., hyperspectral and multi-modal sensing, multi-sensor integration)
and methodological innovations (e.g., physics-informed and uncertainty-aware ML/DL models),
and ultimately to operational infrastructure components such as global data harmonisation and
automated cloud-based pipelines. Arrows indicate directional relationships and progression across
stages; different arrow colors are used for visual distinction of pathways and do not represent distinct
quantitative processes or categories.
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7. Conclusions: Toward Decision-Grade, Operational Water
Quality Monitoring

This review synthesised four decades of satellite-based water quality research and
demonstrated that methodological sophistication has outpaced operational integration.
Although reported predictive accuracies for optically active parameters have reached
high levels across diverse sensors and modelling paradigms, the evidence shows that
performance metrics alone are insufficient to ensure scalable, decision-grade deployment.
Through a systematic, distribution-aware synthesis of 152 peer-reviewed studies, this work
identified four persistent and interdependent constraints that continue to limit operational
adoption: restricted transferability across optical regimes and sensor domains, limited
physical interpretability of increasingly complex learning architectures, inconsistent and
often absent uncertainty quantification, and fragmented multi-sensor harmonisation and
processing infrastructures. The central insight emerging from this synthesis is that opera-
tional readiness is a systems-level property rather than a function of isolated algorithmic
performance. Robust monitoring depends on the coordinated alignment of three structural
pillars: (i) transferable modelling strategies capable of generalising beyond calibration
domains; (ii) physically grounded formulations that constrain predictions within radiative-
transfer and bio-optical principles; and (iii) explicit, calibrated uncertainty characterisation
that communicates reliability across spatial, temporal, and environmental contexts. Without
these elements operating in concert, high in-domain accuracy risks masking fragility under
cross-region transfers, seasonal non-stationarity, or sensor-domain shifts.

To translate these insights into actionable guidance, several key recommendations for
future research and operational implementation are proposed. First, transferability-oriented
model design should become a primary objective rather than a secondary evaluation crite-
rion. This includes the development of multi-domain training strategies, context-aware
model conditioning (e.g., based on optical regimes or sensor characteristics), and systematic
cross-region validation protocols that explicitly test model robustness beyond calibration
datasets. Second, physics-informed and hybrid modelling approaches should be further
advanced to bridge the gap between interpretability and predictive performance. Fu-
ture work should prioritise integrating radiative-transfer constraints, spectral-consistency
regularisation, and physically meaningful feature representations into machine-learning
and deep-learning frameworks to improve generalisation and scientific interpretability.
Third, end-to-end uncertainty characterisation must be standardised and expanded beyond
model outputs. In addition to probabilistic prediction intervals, future studies should
explicitly quantify and propagate uncertainties arising from data acquisition, atmospheric
correction, preprocessing, and reference-data construction. Establishing standardised
uncertainty-reporting protocols will be critical for ensuring comparability and decision
relevance. Fourth, multi-sensor harmonisation and infrastructure standardisation should
be treated as a core research priority. This includes the development of consistent atmo-
spheric correction workflows, cross-sensor calibration frameworks, and interoperable data
pipelines that integrate satellite, UAV, and in situ observations. Cloud-native processing
environments and open, reproducible workflows will be essential for enabling scalable,
near-real-time monitoring. Fifth, enhanced treatment of optically inactive parameters is
required through the systematic integration of auxiliary data sources (e.g., meteorological,
hydrological, and land-use information) and the explicit modelling of proxy relationships.
Future studies should move toward mechanism-informed hybrid approaches that improve
the robustness and transferability of indirect retrievals. Finally, multi-model fusion and
ensemble strategies should be further explored as a pathway to improve robustness under
heterogeneous environmental conditions. By combining the complementary strengths of
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empirical, physics-based, and data-driven models, fusion approaches can reduce sensitivity
to domain shifts and enhance operational reliability.

Building on these recommendations, the proposed transferable, physics-informed,
and uncertainty-aware framework reframes satellite water quality retrieval as an integrated
pipeline rather than a standalone modelling exercise. By coupling harmonised multi-
sensor inputs with physically constrained learning objectives and probabilistic outputs, the
framework establishes a structured pathway from research-oriented retrieval models to op-
erational monitoring systems. Importantly, this pathway is progressive rather than binary:
components such as global multi-sensor training, physics-informed regularisation, and
pixel-level uncertainty estimation are advancing at different levels of empirical maturity,
and their coordinated integration represents the next critical frontier. As environmental
variability intensifies and regulatory demands for transparency and accountability increase,
satellite-based water quality monitoring must evolve from demonstrating predictive capa-
bility to delivering operational credibility. Taken together, this review shifts the evaluative
lens of the field: from maximising reported accuracy to establishing reproducible, trans-
ferable, and uncertainty-disciplined information systems. In doing so, it provides both
an evidence-based diagnosis of current limitations and a structured, actionable roadmap
for developing globally consistent, physics-informed, and uncertainty-aware monitoring
frameworks that support regulation, early warning, and long-term stewardship of inland
and coastal waters amid accelerating environmental change.
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Appendix A. Open-Source Implementation and Reproducibility
To promote transparency, reproducibility, and long-term community reuse, the trans-

ferable, physics-informed, and uncertainty-aware framework synthesised and proposed in
this review is accompanied by a publicly accessible, open-source implementation roadmap.
The objective of this implementation is not to deliver a finalised, production-ready soft-
ware system at the present stage, but rather to provide a structured, modular, and repro-
ducible scaffold that faithfully reflects the conceptual architecture articulated throughout
the manuscript. The open-source implementation roadmap associated with this review is
publicly available at: https://github.com/omid2red-lgtm/WQ-Physics-UQ-Framework/
tree/main (accessed on 30 March 2026).

The repository is intentionally designed to support extensibility across sensor types,
water quality parameters, spatial and temporal scales, and modelling paradigms, and fol-
lows a modular organisation aligned with the analytical structure and synthesis presented
in this review. In particular, the repository comprises the following core components:

• Data/: Modules and utilities for ingesting, preprocessing, harmonising, and manag-
ing satellite-based (e.g., multispectral, hyperspectral, and UAV platforms) and in situ
observations, including metadata handling, quality control, and cross-sensor alignment.

• Physics/: Physics-based components encompassing radiative transfer representations,
lookup tables, forward models, and physics-informed constraints applicable to op-
tically active constituents, as well as indirect physical regularisation strategies for
non-optically active water quality variables.

• Models/: Machine learning and deep learning model architectures, including empiri-
cal approaches, physics-informed neural networks (PINNs), and hybrid configurations
consistent with the model classes synthesised and discussed in the framework sections
of this review.

• Uncertainty/: Uncertainty quantification modules supporting probabilistic prediction
and uncertainty-aware inference, including Bayesian neural networks, ensemble-based
methods, Monte Carlo techniques, and probabilistic output layers.

• Fusion/: Multi-source and multi-sensor data fusion components addressing spatial–
temporal harmonization, cross-sensor transferability, and domain adaptation across
heterogeneous observation platforms.

• Evaluation/: Model evaluation utilities for performance assessment, uncertainty
calibration, and systematic analysis of transferability across sites, sensors, and envi-
ronmental conditions.
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• Examples/: Illustrative and minimal working workflows demonstrating representa-
tive methodological use cases such as cross-sensor transfer, site-to-site generalisation,
and uncertainty-aware prediction pipelines intended for conceptual and methodologi-
cal illustration rather than operational deployment.

At its current stage, the repository primarily serves as a reproducible and extensible
scaffold aligned with the conceptual framework proposed in this review, rather than as
a fully implemented operational system. No benchmark datasets, standardised training
pipelines, or production-ready models are distributed at this stage. Future releases are
intended to incorporate reference implementations, benchmark experiments, and fully
reproducible case studies developed in follow-up methodological and applied research.

By providing this open-source implementation roadmap, the present review aims
to bridge the gap between systematic synthesis and practical reproducibility, facilitating
transparent translation of the proposed framework into future empirical studies and,
ultimately, operational water quality monitoring workflows.
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