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Abstract

The present research was carried out to retrieve dissolved oxygen (DOX) using the Copernicus
Marine Services products from the Irish transitional and coastal waters. To achieve the research
goal, the study developed and validated 2101 machine learning (ML)/artificial intelligence (Al)
(supervised learning, stacking-ensembles, equations, and voting-based ensembles) and
statistical models using multi-level (Level-3 and Level-4) Sentinel-3 OLCI (S3-OLCI) and
Multi-sensor (MS) remote sensing (RS) datasets in conjunction with in-situ and modelled DOX
datasets. While supervised models (e.g., K-nearest neighbours, Gradient boosting, and Extra
decision trees) excelled in the training phase (EPA: MSE < 0.03 with CI £+ 0.02; Modelled:
MSE = 0 with CI £ 0) but showed limited generalizability on independent validation datasets
(2022-2023), indicating poor model accuracy and sensitivity (EPA-2022: R* = -0.03 — 0.16;
EPA-2023: R?=-0.09 — 0.1; Modelled-2022: R*=0.37 — 0.53; Modelled-2023: R>=-1.39 — -
0.26). In terms of product, S3-OLCI outperformed MS data with low uncertainty, whereas
spatio-temporal analysis showed the highest DOX in inshore/semi-enclosed bays and the
lowest offshore. Overall, the results underscore that model performance is determined by
methodological characteristics rather than model quantity. Despite the validation challenges,
the results highlight key difficulties in retrieving optically inactive water quality (WQ)
indicators like DOX using RS and ML/AI approaches. The findings of the research could be
effective for supporting the mapping of baseline oxygen conditions, the application of ML/AI

techniques to retrieve WQ indicators from RS products and their further technological
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advancement, such as managing the anthropogenic water cycle (i.e., human-altered

hydrological and nutrient dynamics).

Keywords: Optically Inactive Water Quality, Remote Sensing, Copernicus Marine Service,

Dissolved Oxygen, Data-driven model, Machine Learning

1. Introduction

Natural resources, such as water, are at risk of environmental deterioration due to growing
population, globalization, industrialization, and land-cover change (Gani et al., 2023). These
factors not only affect surface water quality (WQ) but also pose challenges for effective
monitoring and management. Traditional in-situ measurements are the most reliable approach
for routine WQ monitoring. However, this approach is quite expensive and laborious (e.g.,
requires a highly equipped laboratory and skilled manpower) and limits its scalability for large

or remote waterbodies (Diganta et al., 2024; Sajib et al., 2025a).

To overcome this issue, recently, scientists and organizations (e.g., the European Space Agency
- ESA and the National Aeronautics and Space Administration - NASA) have highlighted that
remote sensing (RS) technology could be a cost-effective and time-saving approach, which can
be utilized for measuring/retrieving WQ from various waterbodies (Diganta et al., 2024; Sajib
etal., 2025a). RS is a process of obtaining data/information about an object/area from a distance
by measuring the reflected and emitted radiation (Frouin et al., 2019), specifically in the visible
(= 400 to 700 nm) and near-infrared (= 700 to > 2000 nm) wavelengths for ocean colour
applications (Mobley et al., 2022). The ocean colour research began with the launch of the
Coastal Zone Colour Scanner (CZCS) in 1978 to measure CHL (chlorophyll-a), CDOM
(coloured dissolved organic matter), SPM (suspended particulate matter), etc., from space
(Gordon, 2021; IOCCG, 2000; Martin Traykovski, 2003). Beyond WQ measurement, RS

technology is also utilized to study ocean carbon mapping (Liu et al., 2025), ecosystem change
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mapping (Makri et al., 2025), fish zone mapping (Nadeem et al., 2025), coral reef mapping
(Moustafa et al., 2025), seagrass bed mapping (Lizcano-Sandoval et al., 2025), shallow-water
bathymetry mapping (Karimi & Torabi, 2025), harmful algal bloom mapping (Zarbipour et al.,
2026), and pollution source identification (Fang et al., 2025; Moon et al., 2025; Shen et al.,

2025).

Typically, WQ indicators measured by RS can be categorized into two types: (i) optically active
(OA) (e.g., CHL, CDOM, SPM); and (ii) optically inactive (OI) WQ indicators (e.g., DOX -
dissolved oxygen, TP - total phosphorus, TN - total nitrogen, Sajib et al., 2024a; Vakili &
Amanollahi, 2020). A detailed description of these classifications can be found in Diganta et
al. (2024) and Sajib et al. (2025a). Furthermore, in terms of optical complexity, waterbodies
are classified as case-1 waters (e.g., open ocean) and case-2 waters (e.g., coastal regions, rivers,
and lakes, Morel and Prieur, 1977; Gordon and Morel, 1983). To monitor these waterbodies,
various multispectral (e.g., MODIS-Aqua/Terra, VIIRS, Sentinel-3 (S3) OLCI, Sentinel-2 (S2)
MSI, Landsat-8 OLI) and hyperspectral satellites (e.g., Zhuhai-1, Geofan-5) with different
spatial resolutions have been launched into space in the last few decades (Chen et al., 2022;
Mohseni et al., 2022). Additionally, the Medium Resolution Imaging Spectrometer-MERIS
cloud also play a pivotal role in aquatic observation, particularly for assessing CHL and
turbidity (Lyu et al., 2015). Among these, the ESA encourages the use of the S2-MSI and the
S3-OLCI products for ocean colour observations in the European Union (EU) waterbodies
(Rixen et al., 2024). The S3-OLCI, which maintains the continuity of MERIS, provides high-
quality ocean colour data and is available at levels L1 (here ‘L’ refers to level, e.g., uncorrected
data), L2 (e.g., atmospherically corrected), L3 (e.g., gridded and atmospherically corrected),

and L4 (e.g., a combination of satellite data and model), with 300 m resolution, accessible via

the Copernicus Data Space Ecosystem (CDSE) (https://dataspace.copernicus.eu/) and the

Copernicus Marine Service (CMS) server (https://dataspace.copernicus.eu/). Similarly, the
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CMS provides L3 S2-MSI and multi-sensor (MS) L3/L4 products (Sajib et al., 2025b). A
detailed description of these products can be found in Garnesson et al. (2024) and Colella et al.
(2023). Although these products are freely available to users through the CMS platform, very
few studies have tested the effectiveness of these products for retrieving both OA- and OI-WQ
indicators (Brando et al., 2024; Chatziantoniou et al., 2022; Laura et al., 2025; Marchese et al.,

2024; Uddin et al., 2025a).

Among OI-WQ indicators, DOX refers to the amount of oxygen dissolved in water, which
plays a critical role in the growth and survival of aquatic life (Cai et al., 2023). The level of
DOX in natural waters (typically ranging from 4 to 9.5 mg/L depending on various factors) is
influenced by physical, chemical, and biological activities (Boyd, 2015). Since the mid-20™
century, human-induced eutrophication, organic pollution, and ocean acidification have led to
increased rates of oxygen depletion, resulting in hypoxic zones in coastal waters worldwide
(Dai et al., 2023). These deoxygenation trends increase biodiversity loss, disrupt food chains,
and decrease ecological services in populated coastal areas (Limburg et al., 2020). Therefore,
maintaining standard DOX levels is essential for the survival of aquatic life, as low DOX can
develop hypoxia (Li et al., 2023a). Typically, hypoxia occurs when the water flows from
various sources injected into the waterbodies such as lakes, rivers, etc., and ends up in the
coastal oceans through the flow process (Dong et al., 2024; Pannard et al., 2024). For example,
regions like the Gulf of Mexico, the Chesapeake Bay, and the Saanich Inlet frequently
experience hypoxia events due to the influx of nutrient-rich water from various sources (Kudela
et al., 2024; Rabalais et al., 2010). In European coastal zones, the combined pressures of
agricultural runoff, rapid urbanization, and climate change are increasingly recognized as
threats to oxygen regimes (European Environment Agency, 2021). Therefore, in the EU, the
Water Framework Directive (WFD: 2000/60/EC) mandates monitoring of indicators, such as

DOX, to achieve “Good” status in all forms of waterbodies, including transitional and coastal
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(TrC) waters (EU, 2019). As a result, countries like Ireland regularly assess DOX in TrC waters
via the Environmental Protection Agency (EPA, Ireland) to protect marine ecosystems (EPA,
2001; 2021a; 2023a). Additionally, due to increased human-induced pressures, there is an
urgent need for accurate and scalable monitoring techniques to identify early indicators of dead
zones and to facilitate mitigation efforts in human-affected coastal systems. However, the
available in-situ monitoring data for TrC waters from sources, such as EPA (Ireland) are often
insufficient for developing a RS-based model, specifically due to their sparse distribution and
high atmospheric disturbances (e.g., clouds, precipitation) during the monitoring period
(Delaney et al., 2023; Sajib et al., 2025b). In contrast, the CMS provides a full range of the
DOX data across Ireland via the NEMO-PISCES (Nucleus for European Modelling of the
Ocean-Pelagic Interaction Scheme for Carbon and Ecosystem Studies) numerical modelled
data, also known as the “Atlantic Iberia Biscay Ireland - Irish Ocean Biogeochemistry product”
(Gutknecht et al., 2019; Samlas et al., 2025). Although the NEMO-PISCES provides more
frequent coverage, but many researchers recently have criticized this data in terms of data

accuracy and reliability (Ford & Quiring, 2019; Mihailov et al., 2025; Zhao et al., 2024).

Recent advancements integrate machine learning/artificial intelligence (ML/AI) with RS data
to retrieve DOX concentrations (Li et al., 2023b; Luo et al., 2025; Shao et al., 2024). Among
the various satellites utilized to retrieve DOX, the Landsat-8 OLI and the S2-MSI are the most
widely utilized for retrieving the DOX concentrations from lake and river waters (Arias-
Rodriguez et al., 2023; Meng et al., 2022; Shi et al., 2024), followed by the MODIS-Aqua/Terra
(Guo et al., 2021; Liu et al., 2022), the VIIRS (Kim et al., 2020), and other hyperspectral
satellites (Wang et al., 2021; Yang et al., 2022). Furthermore, the existing DOX model often
uses band ratios from red, green, blue, and near-infrared spectra, combined with ML/AI
algorithms, such as support vector machine (SVM/SVR), extreme gradient boosting (XGB),

extra tree regression (ETR), multi-modal deep neural network (MDNN), Catboost (CatB),
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artificial neural network (ANN), gaussian process regression (GPR), deep neural network
(DNN), and back propagation neural network (BPNN), etc., to retrieve DOX concentrations
from lakes, reservoirs, rivers, and coastal waterbodies (Dong et al., 2023, 2024; Gao et al.,
2024; Li et al., 2020; Luo et al., 2025; Peterson et al., 2020; Salas et al., 2022; Shi et al., 2023;
Tian et al., 2024; Toming et al., 2024). Additionally, several research utilized feature selection
algorithms to optimize the number of RS bands or band ratios during the training period (Guo
etal., 2021, 2023; Krishnaraj & Honnasiddaiah, 2022; Zhou et al., 2024). Yet, only about 38%
(N = 16) of studies showed strong performance (coefficient of determination - R* > 0.8) during
the training/testing period, and no universal band ratio or equation exists for DOX retrieval

(see summary of DOX-based retrieval studies in Table S1 - supplementary materials-1).

Despite these efforts, existing DOX retrieval approaches are insufficient in several ways.
Firstly, the RS studies have primarily focused on OA indicators, and the least importance has
been shown towards Ol indicators like DOX (Diganta et al., 2024; Mohseni et al., 2022; Sajib
et al., 2025a). Secondly, most of the previous research relied on satellite-derived L1 and L2
products for retrieving DOX concentrations (Batur & Maktav, 2019; Karakaya & Evrendilek,
2011; Krishnaraj & Honnasiddaiah, 2022; Peterson et al., 2020), overlooking the potential of
L3/L4 products for better retrieval accuracy. Thirdly, to the best of the author’s knowledge, the
developed model’s validation is limited in the literature in terms of the model’s generalization
and transferability aspects. Most studies have relied on co-located in-situ data from the same
study region, with limited use of completely independent datasets (unseen attributes) or testing
across diverse geographical regions to rigorously evaluate model transferability, sensitivity,
and uncertainty (Sajib et al., 2025a; 2025b; Uddin et al., 2025a). As a result, the reproducibility
of these models under different environmental conditions has become a concern in terms of
broader application and generalizability. Therefore, the research extensively explored and

evaluated a range of ML/AI including statistical approaches with independent validation
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datasets for evaluating how the model’s generalization capabilities are influenced by their
temporal changes of input attributes. Lastly, the S3-OLCI product’s potential for retrieving
DOX concentrations remains underexplored globally, despite its design for ocean colour

applications.

The present research advances existing knowledge by addressing these gaps through a
comprehensive evaluation of multi-level RS products (L3 and L4 products from S3-OLCI and
MS) integrating with advanced ML/AI and statistical models for DOX retrieval in Irish TrC
waterbodies. This study improves model reliability by testing independent datasets with the
best-performing model to understand its generalizability in terms of sensitivity and uncertainty,
which is essential for EU-WFD compliance and long-term marine environmental management.

The research achieved its goal through the following objectives:

e To compare the data accuracy between the EPA, Ireland, and the modelled DOX
concentrations, and explore their relationship with multi-level RS products band.

e To develop and evaluate the performance of various advanced ML/AI and statistical
models in retrieving DOX concentrations for Irish TrC waters.

e To compare the performance of various levels (L3 vs L4; and S3 OLCI vs MS data) of
RS data in retrieving DOX concentrations.

e To validate the best-performing model with independent datasets for retrieving DOX
concentrations more accurately in terms of improving the model(s) sensitivity and

uncertainty.

2. Materials and methods

2.1 Study area

The research utilized the Irish TrC waterbodies for the development of model(s) and validation
purposes (Fig. 1). The Ireland coastline (area ~ 4660.28 miles) is characterized by the strong

semi-diurnal tidal forces on the west coast, seasonal jet-like circulation on the east coast

9
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(Brown et al., 2003; Creane et al., 2021; Fernand et al., 2006), and regional gyre-like
circulations due to the density gradients and stratification (Brown et al., 2003). Collectively,
these features lead to prolonged residence times in certain areas and impact the marine
environment through pollutant accumulation and oxygen depletion (Olbert et al., 2011).
Furthermore, seasonal stratification affects nutrient distribution and phytoplankton blooms,
resulting in oxygen production/consumption cycle (Sharples et al., 2020). A detailed
description of these features and their impact on the Irish TrC waters can be found in the

supplementary material-1 as a continuation of subsection 2.1.

Recent WQ reports found that approximately half of the Irish surface waters are in
unsatisfactory condition (EPA, 2023a; Trodd et al., 2022). The EPA has highlighted that the
increasing nutrient levels in TrC waters are damaging marine habitats (EPA, 2021b, 2023a,
2023b), and significant pressures, such as agriculture and hydro-morphological changes are the
primary causes of WQ degradation in Ireland (EPA, 2021b). Among them, nutrient gradients
from agricultural runoff increase the eutrophication processes and oxygen-depleting algal
blooms, resulting in the death of fish and benthic animals and plants (Sajib et al., 2025b).
Additionally, climate-driven changes (e.g., warmer temperatures and altered precipitation) may
further increase the risk of deoxygenation in transitional estuaries where salinity and
temperature gradients intersect (Mahaffey et al., 2023). These interactions between natural and
anthropogenic factors present the Irish TrC waters as an important system for RS-based

modelling of DOX.
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Fig 1. Map of Irish EPA monitoring sites and the NEMO-PISCES data sampling sites utilized in this study to
retrieve DOX concentrations.

2.2 Remote sensing data
The research utilized S3-OLCI and MS products from the CMS repository, which cover data

between 2016-2023 (Table S2 — supplementary materials-1). The justification for selecting
these products and their detailed description can be found in the supplementary material-1 as a
continuation of subsection 2.2. Typically, the CMS provides RS products in reflectance (Rrs)
with various bands. The Rrs is defined as the ratio between water-leaving radiance (Lw) and
downwelling spectral irradiance (Eq) (Eq. 1) (Diganta et al., 2024; Sajib et al., 2025b). In this
study, the reflectance bands were converted into the water-leaving reflectance (Rhow) using
the formula (Eq. 2) suggested by Mobley (2022). Furthermore, the methodological architecture

of this study can be found in Fig. 2.

Ry = E_s (1)

11
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219  Fig. 2. Methodological framework of the research (here, SLM, SEM, EM, VM, and SM refer to supervised

220 learning model, stacking-ensembles model, equations model, voting-based ensembles model, and statistical
221  model, respectively).

222 2.3 Water quality data
223 The research utilized in-situ DOX concentration data from the EPA, Ireland, and modelled

224  DOX concentration data from the CMS repository. Similar to the RS data, it covers the period

225  between 2016 and 2023. The details of the DOX concentration sources are as follows:
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(i) EPA data: In this research, a total of 618 monitoring sites from the EPA were utilized for
matchup with RS data. Detailed description of the WQ program of the EPA can be found in
the supplementary materials-1 as a continuation of subsection 2.3. The EPA measured DOX
concentrations in both milligrams per liter (mg/L) and percentage of saturation (% sat), which

is openly accessible for all users at the following link: https://www.catchments.ie/. For

homogeneity, the current study converts % sat data into mg/L and considers 1m depth of data.

(ii) NEMO-PISCES/ Modelled data: The modelled product includes daily and monthly DOX
data, and other indicators (e.g., CHL, nitrates - NO3s, phosphates - PO4, ammonium - NHy).
Detailed description of the modelled data can be found in the supplementary materials-1 as a
continuation of subsection 2.3. In this research, a total of 6650 sampling sites were utilized for
matchups with RS data. The modelled DOX concentration is provided in micromoles per liter
(umol/L). To ensure consistency with the EPA data, these concentrations were converted to
mg/L. A detailed description of modelled data can be found in McGovern et al. (2022) and
Gutknecht et al. (2019).

2.4 Data understanding and preparation

2.4.1 Matchup procedure

The research used a 3x3-pixel window to calculate the median value of each pixel for both S3-
OLCI and MS product(s) in the ESA SNAP Version 11.0.0 on the Windows 11 platform. The
selection of a 3x3-pixel window is based on the optical complexity and non-homogenous
condition of the Irish TrC waters, where a larger window (e.g., 5x5) may introduce high
variability in RS data (Sajib et al., 2025b). Moreover, the selection of median aggregation is
based on the recommendation of previous research conducted by different researchers and
organizations (IOCCG, 2019; Maciel et al., 2023). Furthermore, the median aggregation is
widely utilized in the field of ocean colour RS due to its robustness against outliers, accurate

representation of central tendency, and its suitability for skewed data (Coffer et al., 2025;
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IOCCQG, 2019). Additionally, in order to ensure data quality, a post-matchup filtering threshold
process was implemented, where only pixels with more than 50% valid data (e.g., 5 out of 9
pixels) were retained. The filtering procedures are consistent with the EUMETSAT (2021) and
Bailey & Werdell (2006) guidelines, which recommended maintaining a minimum matchup
threshold of 50%+1 valid pixels to ensure a balance between statistical robustness and data
usability. Further description of matchup procedure can be found in the supplementary

material-1 as a continuation of subsection 2.4.1.

2.4.2 Outlier treatment

The current research utilized four of the most popular outlier treatment procedures, including
Z-score (applied with a threshold value of 3), modified Z-score (MoD-Z, applied with a
threshold value of 3.5), local outlier factor ( LoF, applied with a contamination factor value of
0.05 to 0.5), and isolation forest ( IsoF, applied with a contamination factor value of 0.05 to
0.5) for data processing and cleaning, following the methodology of Uddin et al. (2024a). A
detailed description of these outlier’s techniques and the rationale for selecting these outliers

in this research can be found in supplementary materials-1 as a continuation of section 2.4.2.

2.4.3 Data splitting

Prior to model development, temporal aggregation was utilized on both DOX and RS products
to reduce short-term variability and improve robustness. Daily/monthly DOX concentrations
and Rhow band values were aggregated into yearly average values. This approach ensures a
consistency between RS products and DOX observations by maintaining interannual
variability, which minimizes noise and seasonal impacts in the dataset (Alarcon Falconi et al.,
2020; Forkel et al., 2013). Furthermore, this kind of approach is well established in the field of
large-scale environmental assessment and RS-based studies (Sajib et al., 2025a; Uddin et al.,

2025a).
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Although there is no clear guidance for best split/ratio practice in the data science field and
ML/AI applications, specifically for environmental modelling. Therefore, researchers use
common split ratios for training and testing, including 50:50, 70:30, 67:33, and 80:20,
depending on the sample sizes and model complexity (Joseph & Vakayil, 2022; Sarker, 2021).
Among these, the 80:20 split is justified by the renowned Pareto principle, which emphasizes
the critical aspect that produces the most significant results (Joseph, 2022), whereas the 70:30
splits are widely utilized for highly complex models (Sivakumar et al., 2024). These types of
splits/ratios are well established and frequently utilized in the field of environmental modelling
and ML/AI applications in order to reduce overfitting and more accurate parameter estimation
with the moderate sample size used in this research (Joseph & Vakayil, 2022; Luo et al., 2025;
Nguyen et al., 2021). In accordance with recommendations from previous studies (Krishnaraj
& Honnasiddaiah, 2022; Joseph, 2022; Luo et al., 2025; Peterson et al., 2020; Quang et al.,
2023; Zhou et al., 2024) and prior research conducted by the authors (Sajib et al., 2025b; Uddin
et al.,, 2022a; Uddin et al., 2023), the research used 80:20 and 70:30 random splits for
supervised, stacking-ensembles, voting-based ensemble, and statistical models (see section
2.6) to ensure a comprehensive model training and performance evaluation with the aggregated
multi-year dataset (2016-2021). To further evaluate model generalizability and temporal
transferability, the study used two independent datasets (2022 and 2023) for validation
purposes. On the other hand, since the equation models solely rely on explicit analytical
equations rather than data-driven techniques, and random train/test splitting may reduce
parameter stability, therefore, the full dataset was utilized for model training and tested with
the 2022 dataset. However, it’s worth noting that the predictive capability of equation-based
models was evaluated using an independent dataset (2023) to provide an unbiased and thorough

evaluation of their generalizability and transferability.
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2.5 Feature engineering

The research utilized five embedding-based models, including linear regression (LR), decision
trees (DT), extreme gradient boosting (XGB), k-nearest neighbor ( KNN ), random forest (RF);
and seven wrapper-based feature engineering models, such as recursive feature elimination —
Linear regression (RFE-LR), recursive feature elimination—random forest (RFE-RF), recursive
feature elimination cross validated — linear regression (RFECV-LR), recursive feature
elimination cross validated — random forest (RFECV-RF), sequential feature selector — random
forest (SFS-RF), extreme gradient boosting — grid search/random search (XGB-GS/XGB-RYS),
and SHapley Additive exPlanations—K-nearest neighbors (SHAP-KNN), following the
methodology of Uddin et al. (2023) for feature optimization. A detailed description of these
approaches, implementation methodology, and rationale for selection can be found in the

supplementary materials-1 as a continuation of section 2.5.

2.6 Model development process

In this research, a total of 2101 advanced ML/AI and statistical models were developed to
retrieve DOX concentrations from RS products (Table 1). These models comprise five main
groups, including supervised learning, stacking-ensembles, equations, voting-based
ensembles, and statistical model. Each group of models builds on distinct architecture with
unique characteristics. A brief summary of these models can be found in Table 1. Additionally,
developed model(s) are selected based on prior research conducted by authors (Sajib et al.,
2024b; Uddin et al., 2022a; 2022b; 2023) and recommended by results of various RS-based
DOX retrieval studies (Batur & Maktav, 2019; Dong et al., 2023; Gao et al., 2024; Guo et al.,
2021; Li et al., 2020; Luo et al., 2025; Salas et al., 2022; Sharaf El Din & Zhang, 2017; Shi et
al., 2023; Tian et al., 2024; Toming et al., 2024; Yang et al., 2023). All models were trained on
average annual data from 2016 to 2021 for S3-OLCI and MS products. Moreover, in the

validation phase, two independent datasets (2022 and 2023) were utilized with the best-
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found in the supplementary materials-1 as a continuation of section 2.6.

performing model. A detailed description of the various model development processes can be

Table 1: Summary of models and dataset utilized during model training and validation phase in this research.

Model group  Definition Base models Feature No of Dataset Dataset used  Outlier
engineeri  develop used in in treatment
ng models training validation
(Y =Yes and Phase
/N =No) testing
phase
@@ refer to AdaB, BPNN, N 28 32 64 Four outliers
Supervised standalone BRR, CatB, (Zscore, MoD-
learning MI/AIL DNN, DT, Z, LoF, IsoF)
model algorithms ExDT, GAM, treated datasets
GB, GPR,
GRU, HM,
KNN, KNNR,
LARS,
LGBM,
LSTM, MLP,
OMP,
RANSAC,
RF, SGD,
SVM/SVR,
XGB
(i1) refer to AdaB, CatB, N 2047 8 16 LoF treated
Stacking- aggregation- DT, GB, datasets
ensemble based GPR, KNN, (selected based
model approaches MLP, LR, RF, on supervised
(using SVM, XGB model
“StackingRegrs performance
» result)
sor” and
“itertools.combi
nations”
function in
Python
platform) that
combined with
a meta-learner
(here, Linear
Regression
model) to
produce the
final output
(iii) refer to non- Arctan, Y 14 96 192 LoF treated
Equation linear pre- Cosine, datasets
model defined Equation, (selected based
mathgmatical Exponential, on supervised
equathn—based Hyperbolic, model
regression Inverse performance
models result) with 12
power, . feature
Polynomial, .
selection
Power, methods
Quadratic,
Cubic,
Reciprocal,
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327
328
329
330
331
332
333
334

335

336

337

338

339

340

341

342

343

Sigmoid,
Sine, Tangent

(iv) Voting-  refer to CatB, GPR, N 9 8 16 LoF treated
based aggregation- KNN, MLP, datasets
ensemble based RF, SVM, (selected based
model approaches XGB on supervised
(using model
VotingRegresso performance
r function in result)
Python

platform) that
utilized multiple
base
regressor/learne
r models to
develop an
ensemble meta-
estimator model
W) refer to OLS, PCR, Y 3 8 16 LoF treated
Statistical statistical PLS datasets
model regression (selected based
models on supervised
model
performance
result) with 12
feature
selection
methods

[here = Adaboost (AdaB), Back propagation neural network (BPNN), Bayesian ridge regression (BRR), Catboost (CatB),
Decision trees (DT), Deep neural network (DNN), Extra decision trees (ExDT) , Extreme gradient boosting (XGB) , Gated
recurrent unit networks (GRU), Gaussian process regression (GPR), Generalize adaptive model (GAM), Gradient boosting
(GB), Huber model (HM), K-nearest neighbour (KNN), Kernel ridge regression (KNNR), Least-angle regression (LARS),
Light gradient boosting machine (LGBM), Long short-term memory (LSTM), Multilayer perceptron (MLP), Ordinary least
squares (OLS), Orthogonal matching pursuit (OMP), Probabilistic random forest (PRF), Principal components regression
(PCR), Partial least squares regression (PLS), Random forest (RF), Random sample consensus (RANSCA), Stochastic
Gradient Descent (SGD), Support vector machine/Support vector regression (SVM/SVR)]

2.7 Model performance assessment and optimal model selection

The research utilized four widely utilized statistical metrics, including root mean square error
(RMSE - Eq. 3), mean square error (MSE - Eq. 4), mean absolute error (MAE - Eq. 5), and
percentage of absolute bias error (PABE - Eq. 6), to measure the performance of various
models. A detailed description of these metrics and the rationale for their selection can be found
in supplemental materials-1 as a continuation of subsection 2.6.2. Additionally, the
performance metrics uncertainty was assessed using non-parametric bootstrap resampling with
2000 iterations and a 95% confidence interval (CI) percentile method (Rodrigues et al., 2019;

Thai et al., 2014). The equations of these metrics are as follows:
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1 — 2
RMSE = \/; 2{21(D0Xactual - DOXpredicted) (3)

— 2
MSE = — ml(DOXactual DOXpredlcted) (4)
MAE = — mllDOXactual DOXpredicted| ©)
PABE — Zm |D0Xactual DOXprechtedl x 100 (6)
DOXqctual

where DOX ¢ty q1 18 the actual value and DOX,cqicteq 18 its corresponding predicted value.

m is the total number of observations.

Furthermore, a comprehensive rank-sum approach was utilized, following the methodology of
Uddin et al. (2023), to identify the optimal model. This method involves assigning individual
ranking values for each metric, where higher and lower values indicate excellent and poor
performance, respectively (Sajib et al., 2024b; Uddin et al., 2022a). A detailed description of
this approach can be found in Uddin et al. (2023). A major advantage of the rank sum approach
is that it balances the consideration of multiple metrics (Diganta et al., 2025). In this study,
selecting the best model was a crucial step because the best-performing model was
subsequently utilized for model validation with independent datasets. The performance metrics
(RMSE, MSE, MAE, and PABE) and sensitivity score (R?) were utilized to evaluate the

optimal model.

2.8 Model retrieving error evaluation

The research utilized the Percent of Relative Error Index (PREI) and Percentage of Bias
(PBIAS) metrics to estimate model retrieval errors. Among them, PREI was utilized to measure
the relative error at each monitoring/sampling site, whereas PBIAS measures the systematic
bias between actual and retrieved DOX concentrations (Sajib et al., 2024b). These metrics
express results in percentages. A PREI and PBIAS value close to 0 indicates low error, while
a larger value indicates significant bias in retrieving data (Uddin et al., 2022a). Furthermore, a
positive (‘+’) and negative (‘-’) PREI value indicates overestimation and underestimation of
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the result, respectively (Uddin et al., 2022a). These metrics have been used in numerous studies
to evaluate model prediction error (Aslan et al., 2022; Ozdemir et al., 2023). A detailed
description of these metrics can be found in Sajib et al. (2024b). The PREI (Eq. 7) and PBIAS

(Eq. 8) formulas are defined as follows:

_ DOXactual_mpredicted
PREI = ( T ) x 100 7

where DOX ¢yq1 actual score for i sample and DOXyyredictea 15 the mean predicted score.

2{21(D0Xactual _DOXpredicted)
DOXqctual

PBIAS = ( ) x 100 (8)

where DOX ;4yq; actual score for i sample and ﬁo\xpredicted is the mean predicted score.
2.9 Model sensitivity and uncertainty analysis

Typically, model sensitivity is utilized to assess how model input parameters affect the target
variable (Silji¢ Tomi¢ et al., 2018). The study utilized the R? (Eq. 9) for model sensitivity
assessment, a common approach for assessing model sensitivity (Diganta et al., 2025; Fan et
al., 2018; Uddin et al., 2025a). R? value close to 1 indicates a high level of agreement, whereas
a value close to 0 or -/c0 indicates a poor level of agreement between input and output variables
(Chicco et al., 2021). The formula of R? is defined as follows:

J— 2
_ ng 1(D OXqgctual _DOXpredicted)

R?=1-2E .
21:1(D0Xactual_DOXpredicted)

©)

where m is the total number of observations, DOX,.yq; 1S the actual value, and the

DOXpregictea 18 the predicted value and DOXpreqictea mean of the actual value.

On the other hand, the model uncertainty was quantified using inferential error bars with a 95%
CI method, following the methodology of Cumming et al. (2007). In this method, the length of
bars visually represents the amount of uncertainty, and the CI presents the possible range for

the true mean. Similar methods have been utilized in numerous studies to measure model
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uncertainty (Hofman et al., 2020; Uddin et al., 2024a; Van Allen et al., 2008). Furthermore,
following the methodology of Shaw (2017), a probability distribution function (PDF) and
cumulative distribution function (CDF) were utilized to visualize the uncertainty between

model development and validation datasets for both RS products.

2.10 Geospatial mapping and statistical analysis

In this research, empirical bayesian kriging (EBK) was utilized to illustrate the distribution of
DOX for modelled data, whereas the unclassed symbology (also known as choropleth
mapping) approach was used for the EPA dataset. Moreover, several statistical techniques were
utilized to understand the distribution (normal or non-normal), spatial autocorrelation, temporal
trends, and relationship within the utilized datasets using the Shapiro-Wilk statistics, the Mann-
Whitney U test, the Global Moran’s I statistic, and the Mann-Kendall statistic. A detailed
description of these techniques can be found in the supplementary materials-1 as a continuation
of section 2.10.

3. Result

3.1 Data distribution and outlier treatment

3.1.1 DOX concentration distribution

In order to evaluate the differences between EPA and modelled DOX, the study measures the
descriptive statistics, spatial autocorrelation, and significance differences of the datasets used,
covering the periods of 2016-2021, 2022, and 2023. Fig. S1-S2 (supplementary materials-1)
show the descriptive statistics, whereas the spatial distribution of the S3-OLCI and MS
matchup DOX datasets are presented in Fig. 3, Fig. 4, and Fig. S3-S6 (supplementary materials-
1).

The research found a statistically significant positive spatial autocorrelation based on the
Global Moran’s I statistics for S3-OLCI matchup EPA-sourced DOX datasets, including 2016-

2021 (N=289,1=0.037, p-value <0.05), 2022 (N = 214, I = 0.464, p-value < 0.05), and 2023
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(N =179, I = 0.425, p-value < 0.05) (Fig. 3 and Fig. S3-S4 — supplementary materials-1),
indicating a spatial clustering rather than random spatial variation. Similarly, statistically
significant positive spatial autocorrelation was also observed in modelled-derived DOX dataset
(2016-2021: N = 6466, 1 = 0.695, p-value < 0.05; 2022: N = 6495, 1 = 0.526, p-value < 0.05;
2023: N =6495, 1= 0.5, p-value < 0.05). Moreover, a statistically significant difference was
found between the S3-OLCI matchup EPA and modelled data, which is justified by the Mann-
Whitney U test result with a p-value < 0.05 (2016-2021: U = 1844040.5, p-value < 0.05; 2022:
U = 1374644, p-value < 0.05; 2023: U = 1155392, p-value < 0.05), highlighting systematic
differences in data despite similar spatial clustering characteristics.

Furthermore, the Mann-Kendall test indicated there were no temporal trends during the study
period in the EPA-sourced DOX (average Tau value = -0.01658 and average p > 0.05) and
modelled-derived DOX (average Tau value = -0.54877 and average p > 0.05) datasets
(supplementary materials-2). The absence of a significant temporal trend in the datasets could
be due to temporal aggregation (2016-2021) applied during the model development, which
limits the sensitivity of trend detection (Morbidelli et al., 2018). In the S3-OLCI matchup, the
EPA data (L3-OLCI) for 2016-2021 range from 10.21 mg/L to 11.55 mg/L with a mean value
of 10.08 + 0.56 mg/L, whereas the modelled data range from 8.74 mg/L to 9.44 mg/L with a

mean value of 8.95+ 0.11 mg/L. It is noteworthy that similar variations were also observed for

the 2022 and 2023 datasets (Fig. S1).
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Fig. 3. Spatial distribution of S3-OLCI matchup DOX (mg/L) measurements for 2016-2021 dataset.

On the other hand, for the MS products, both EPA-sourced (2016-2021: N =149, I =0.098, p-
value < 0.05; 2022: N=117, 1= 0.2, p-value < 0.05; and 2023: N =95, I = 0.033, p-value <
0.05) and modelled-derived (2016-2021: N = 6003, I = 0.589, p-value < 0.05; 2022: N = 5890,
I = 0.49, p-value < 0.05; and 2023: N = 5890, I = 0.612, p-value < 0.05) DOX showed
statistically significant positive spatial autocorrelation across all study periods, indicating
spatial clustering (Fig. 4 and Fig. S5-S6 — supplementary materials-1). In addition, the Mann-
Whitney U test result indicated statistically significant differences between MS matchup EPA
and modelled-derived DOX measurements (2016-2021: U = 895604, p-value < 0.05; 2022: U
= 680100, p-value < 0.05; 2023: U = 549959.5, p-value < 0.05).

In the MS matchup, the EPA dataset 2016-2021 ranges from 8.96 mg/L to 11.55 mg/L with a
mean value of 10.23 + 0.56 mg/L, whereas the modelled data range from 8.74 mg/L to 9.44
mg/L with a mean value of 8.95 + 0.11 mg/L (Fig. S2 — supplementary materials-1), indicating
high inconsistency between the EPA and the modelled data, which is further validated by the
Mann-Whitney U test result. In EPA data for both products, a high standard deviation (SD) is
observed across the products (L3-OLCI = 0.52 mg/L; L3-MS = 0.88 mg/L; L4-OLCI = 0.52
mg/L; L3-MS = 0.44 mg/L), indicating high variation among the monitoring/sampling sites,
whereas a low SD is observed for modelled data (SD = 0.13 for all datasets), indicating low

variation in the data (Fig. S2 — supplementary materials-1).
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Fig. 4. Spatial distribution of MS matchup DOX (mg/L) measurements for 2016-2021 dataset.
3.1.2 Characteristics of RS data

Fig. 5 and Fig. 6 show the statistical distribution of RS bands (here referred to as Rhow) across
four different datasets - (i) L3-OLCI, (i1) L4-OLClI, (iii) L3-MS, and (iv) L4-MS, respectively.
It can be seen from Fig. 5 that, in the EPA matchup with S3-OLCI products, all Rhow bands
are distributed between values 0 and 0.06, whereas modelled matchup datasets are distributed
between values 0 and 0.08. Across the datasets, Rhow 5 and Rhow 6 show high variability
compared to other bands (Fig. 5). Typically, these bands are crucial for case-2 waters, as they
are highly sensitive to pigments, such as CHL (Diganta et al., 2024; Sajib et al., 2025b). In
contrast, the red bands (refer to Rhow_ 7 to Rhow 10) and the Rhow 11 band showed high
absorption compared to other bands. Similar characteristics for OLCI bands have been reported
in previous validation and algorithm assessment studies (Diganta et al., 2024; Gleratti et al.,
2024; Mikelsons et al., 2022; Sajib et al., 2025b; Sagan et al., 2020; Uddin et al., 2025a;
Vanhellemont & Ruddick, 2021). Among the different levels of data, a consistent trend was
observed for L4 datasets (Fig. 5b), whereas a wider distribution was found for L3 datasets,
indicating higher variability. Moreover, Rhow bands showed statistically significant positive
spatial autocorrelation across all the study periods (e.g., average Moran’s I for the 2016-2021
dataset: EPA-L3 = 0.678, EPA-L4 = 0.687, Modelled-L3 = 0.645, Modelled-L4 = 0.644),
indicating spatial clustering characteristics in Rhow bands. Similar characteristics for RS data
have been reported in previous studies (Griffith & Chun, 2016; Karasiak et al., 2022; Warner
& Shank, 1997). Detailed descriptions of measured Moran’s I with p-values for each Rhow

band (S3-OLCI) can be found in Table S3 (supplementary materials-1).
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Fig. 5. Statistical summary of various bands (Rhow) of S3-OLCI products. (For a better interpretation of the colour
references in this figure, readers are encouraged to read the web version of this article)

From Fig. 6, it can be seen that the L4 data bands had fewer outliers than the L3 data in EPA
matchups. The presence of a few outliers in the L4 data is attributed to spatial and temporal
averaging, interpolation, and smoothing techniques (Brando et al., 2024; Colella et al., 2023;
Garnesson et al., 2024; Sajib et al., 2025b). In L3 data, the maximum and minimum reflectance
values were found for the Rhow 4 (green band) and Rhow_ 5 (red band) bands. In contrast, in
L4 data, the maximum and minimum reflectance values were found for the Rhow 5 (green
band) and Rhow_6 (red band) bands, respectively (Fig. 6a, b). The findings are consistent with
earlier studies where green bands showed high scattering and red bands showed low absorption
in various waterbodies (Diganta et al., 2024; Gleratti et al., 2024; Mikelsons et al., 2022;
Vanhellemont & Ruddick, 2021). The MS datasets show a consistent trend for the L4 datasets
(Fig. 6b), whereas a wider distribution is found in the L3 datasets, indicating higher variability.
However, similar to EPA datasets, a fluctuation in the distribution of Rhow bands was found
in the modelled datasets for 2022 and 2023 compared to the 2016-2021 dataset. Such variability

could be the combination of various factors, including sensor-specific issues, environmental
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factors, averaging multi-year data, data harmonization issues, etc. (Chen et al., 2022; Janga et

al., 2023; Stein et al., 2018; Zhu et al., 2022b).

Based on the statistical overview of the datasets, the modelled L4 data for both products (OLCI
and MS) found relatively less variability than the L3 data, indicating more consistent
reflectance values during the study period. These characteristics of the L4 datasets are
consistent with earlier studies, where L4 datasets are ascribed to be relatively stable due to their
composite nature (Brando et al., 2024; Colella et al., 2023; Garnesson et al., 2024; Uddin et al.,
2025a). Furthermore, a statistically significant positive spatial autocorrelation was found in the
MS dataset for all Rhow bands (e.g., average Moran’s I for the 2022 dataset: EPA-L3 = 0.386,
EPA-L4 = 0.736, Modelled-L3 = 0.674, and Modelled-L4 = 0.674), indicating a non-random
distribution. The findings are aligned with previous studies (Griffith & Chun, 2016; Karasiak
et al., 2022; Warner & Shank, 1997). Detailed descriptions of measured Moran’s 1 with p-

values for each Rhow band (MS products) can be found in Table S4 (supplementary materials-
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Fig. 6. Statistical summary of various bands (Rhow) of MS products. (For a better interpretation of the colour
references in this figure, readers are encouraged to read the web version of this article)
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3.1.3 Relationship between Rhow bands and DOX concentrations

For the purposes of understanding the interrelationship between Rhow bands and DOX
concentrations, the research utilized the Spearman rank correlation analysis that could be
effective to mitigate the problem of multicollinearity issues. Fig. 7 shows the relationship
between various Rhow bands and DOX concentrations for both OLCI and MS products. It can
be seen from Fig. 7(a) that the Rhow_ 3 to Rhow_6 bands showed a slight positive correlation
with EPA-sourced DOX, whereas Rhow 3 shows a moderate negative correlation with
modelled-derived DOX in L3 (r =-0.4) and L4-OLCI (r =-0.41), which is not very significant.
The negative correlation indicates that the Rhow 3 band could affect the DOX retrieval process
using RS data. On the other hand, no notable association was found between MS products (L3
and L4) with EPA-sourced DOX (Fig. 7b). However, a strong negative correlation (> 0.5) was
found between Rhow bands (Rhow 1-Rhow 2) with MS products (L4) matchup modelled-
derived DOX. Moreover, a moderate negative correction was observed for Rhow 1 (r=-0.48)
with MS products (L3) matchup modelled-derived DOX. The above result indicates that,
considering these relationships, a low multicollinearity problem could be expected in

developing the DOX retrieval model.

(a) Sentinel-3 OLCI (b) Mulit-sensor

-0.18 | -0.38 -0.17 -0.01 -0.02 03

EPA-L3 -0.14 -0.07 -0.02 0.04

EPA-L4 - 0. 0.24 022 N/A 0.0

Datasets

Modelled-L3 - -

Modelled-L4
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Fig. 7. Correlation between DOX concentrations and various bands (Rhow) for utilized RS products.
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3.1.4 Matchup datasets and outlier treatment result

The research used the EUMETSAT (2021) recommended method for the matchup process and
four outlier treatment methods to execute extreme values. The matchup results for both the
EPA and the modelled data sites after removing the outlier can be found in Table S5
(supplementary materials-1). The same number of matchups (both EPA and modelled sites)
were found for both L3- and L4-OLCI data. However, the L3 and L4 datasets yielded different
matchup results for MS products. It could be due to the availability of the number of bands in
L3 (number of bands = 6) and L4-MS (number of bands = 5) products (Garnesson et al., 2019;
Saulquin et al., 2019). Across the study period for both EPA and modelled datasets (L3 and
L4), the Z-score, LoF, and IsoF methods retained around 90-95% of data, whereas the MoD-Z

method removed more than 15% of data (Table S5 - supplementary materials-1).

In this research, the best outlier treatment method was selected based on the balanced execution
of extreme values by outlier methods and its impact on the predictive performance of
supervised models. A total of 28 supervised models were evaluated for each outlier-treated
dataset to determine the suitable method that yields the most stable and accurate model
performance. Moreover, the LoF method is effective for heterogeneous and non-normally
distributed datasets (Alghushairy et al., 2021; Uddin et al., 2024a), which are the characteristics
of the data utilized in this study (see section 2.10). Furthermore, the selection of only
supervised models is to reduce computational time and manage the large volume of outcomes.
The performance results of various outlier treatment datasets with 28 supervised models can
be found in supplementary materials-3 and supplementary materials-4. Moreover, a summary
of the best-performing dataset based on various outlier methods with supervised models can be
found in Table S6 (supplementary materials-1). Finally, based on the best outlier method
outcomes (datasets), they were subsequently applied to train, test, and validate the stacking-

ensembles, equations, voting-based ensembles, and statistical models.
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3.2 Performance of various model(s)

A group of models (supervised, stacking-ensembles, voting-based ensembles, equations, and
statistical model) were utilized in this research to retrieve DOX concentrations from various
RS products (see sub-section 2.6). Subsequently, performance metrics, such as RMSE, MSE,
MAE, and PABE with 2000 iterations and a 95% CI, were utilized to evaluate the performance
of these models. Overall, supervised learning models showed better performance and higher
accuracy compared to other models (Table S7-S9, supplementary materials-1). Therefore, this
section only highlights the results of supervised learning models, whereas other groups of
model results (Fig. S7-S9; Table S10-S13, supplementary materials-1) and performance of all
utilized model results with different split ratios (Table S14, supplementary materials-1) can be

found in the supplementary materials-1 as a continuation of section 3.2.

In this research, supervised models showed the highest accuracy compared to the other four
groups of models (stacking-ensembles, voting-based ensembles, equation, and statistical). For
instance, the KNN (k-nearest neighbour) model (configured with n_neighbors = 11, distance-
based weighting, and Euclidean L2 distance) performed best among the 28 supervised models
using the L4-S3 data (Table S7 - supplementary materials-1) in the EPA datasets. During the
training period, the model achieves an almost perfect fit (e.g., MSE = 0 with CI: + 0.005).
However, a slight overfitting issue was found in the testing dataset (e.g., MSE = 0.11 with CI
+ 0.07), indicating the model could memorize the training patterns but failed to generalize
unseen data (Fig. 8; Table S8-S9, supplementary materials-1). Moreover, a high fluctuation in
PABE from 0.07% (CI £ 0.06%) to 2.21% (CI + 0.57%) is notable, indicating that the KNN
model may fail in predicting with new data. In contrast, the BGR (Blending gradient boosting-
random forest) model outperformed with the L3-S3-EPA data based on the cumulative ranking
score (Tables S8-S9, supplementary materials-1). However, similar to L4-S3, there is a notable

difference found between training (e.g., RMSE = 0.1 with CI + 0.01) and testing (e.g., RMSE
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= 0.25 with CI £ 0.06) performance, indicating that the model may struggle to maintain
accuracy with unseen data. On the other hand, the GB (Gradient boosting) model showed
excellent performance for the L4-MS datasets, whereas the KNN model (configured with
n_neighbors = 11, distance-based weighting, and Manhattan L1 distance) showed excellent
performance for the L3-MS datasets. Although an overfitting was found for both models during

the testing phase (Table S8-S9, supplementary materials-1).

Further analysis with the modelled DOX concentration matchups, the ExDT (Extra decision
tress, configured with max_depth = 20-30, min_samples leaf = 1, min_samples_split = 2,
n_estimators = 200) model showed an excellent performance across all products with very low
uncertainty, which is justified by the narrow gap between confidence interval values (Table
S7-S9, supplementary materials-1). However, the S3-OLCI products show slightly higher test
errors and bias compared to MS products, indicating an overfitting issue during the testing
period (Fig. 8). The results of ExXDT demonstrated that ensemble models could be effective to
handle the complex and nonlinear relationships of attributes compared to the standalone

decision tree model(s) (Abbas et al., 2024; Sakib et al., 2025; Zhang et al., 2021).

EPA-Train [ EPA - Test Modelled - Train Modelled - Test
(i) RMSE (ii) MSE (iii) MAR (iV) PABE
0.30 0.10 2.0 1
0.20 A
0.251 0.08 -
. 0.15 151
£ 0.20 E E 2
= 2 0.06 2 =
z 3 3 i
Z 0.15 g £ 0.10 £ 1.0
0.04 -
0.10
0.05 A 0.5
0.05 1 0.02
0.00 T 0.00 ' 0.00 0.0
o> > & © &> o> & © & o © & & o o )
KT 0T N S N VR

Fig. 8. Performance metrics results of supervised learning models during training and testing period for S3-OLCI
and MS products. (here L = Level, S3 — Sentinel 3 OLCI and MS = Multi sensor)
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3.3 Model retrieving error assessment

In order to assess the difference between actual and retrieval DOX concentrations, the study
utilized PREI at each monitoring/sampling site. Fig. 9 shows the monitoring/sampling site-
wise PREI score, while Fig. 10 represents the PBIAS score for each dataset based on the best-
performing supervised learning models. This section only highlights the PREI and PBIAS
results of supervised learning models as they showed the highest accuracy across different
datasets, whereas other groups of models retrieving error results (Fig. S10-S15, supplementary

materials 1) can be found in the supplemental materials-1 as a continuation of section 3.3.

It can be seen from Fig. 9 that the mean PREI values for both products in the EPA dataset range
from negative to positive or close to zero. In EPA datasets, the best-performing models showed
underestimation for 2016-2021 datasets (mean = -0.11 for L3-S3; mean = -0.16 for L4-MS)
and 2023 (mean = -0.48 for L4-S3; mean = -0.35 for L3-S3; mean = -0.44 for L4-MS; mean =
-1.51 for L3-MS), whereas overestimation was found for 2022 (mean = 0.67 for L4-S3; mean
=0.35 for L3-S3; mean = 0.11 for L4-MS; mean = 0.59 for L3-MS). It is worth noting that L.4-
S3 and L3-MS showed no overestimation or underestimation problem for the 2016-2021
dataset. Furthermore, a higher SD of PREI was found with increasing temporal resolution
(2016-2021, 2022, 2023) for the EPA datasets across products (Table S15-supplementary

materials 1).

Further analysis with modelled DOX concentration matchups showed that, compared to the
EPA datasets, modelled data showed lower error for the 2016-2021 dataset (e.g., -0.01 £ 0.26
for L4-S3; 0 + 0.26 for L3-S3) across products, whereas an underestimation was found for the
2022 dataset (e.g., -0.12 = 1.23 for L4-MS; -0.24 + 1.1 for L3-MS) and 2023 dataset (e.g., -
1.42 + 1.09 for L4-S3; -1.30 = 1.1 for L3-S3) across products (Table S15-supplementary
materials 1). Moreover, similar to EPA datasets, a higher SD with increased temporal

distribution was found for the modelled dataset across products. A high SD indicates greater
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inconsistency, whereas a low SD indicates consistent performance of the models (Barde &
Barde, 2012; Bella et al., 2005). It is worth highlighting that for both datasets across products,
a high variability was found for 2023, indicating poor performance with the independent

dataset.

Further error results based on PBIAS showed that S3-OLCI products represent a higher
negative bias (underestimation) in the modelled dataset over time, whereas there is less
negative bias for the EPA datasets (Fig. 10). In contrast, MS datasets show a more stable bias
value (with a smaller magnitude) over time. For example, in 2016-2021, both modelled (0.01%
for L4-MS; 0.00% for L3-MS) and EPA (-0.14% for L4-MS; 0.03% for L3-MS) biases were
very close to zero, indicating high accuracy. However, from 2022 to 2023, the resulting biases
for the EPA (0.76% for L4-MS: 2022; -1.33% for L3-MS: 2023) and modelled (-0.38% for L4-
MS: 2022; -1.39% for L4-MS: 2023) datasets become more negative, indicating a notable

difference between actual and retrieved DOX concentrations over time.
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Fig. 9. Actual vs retrieved DOX concentrations difference at each monitoring/sampling site across the study
domain for the best-performing supervised learning models. (For a better interpretation of the colour references
in this figure, readers are encouraged to read the web version of this article)
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Fig. 10. Percentage of bias (PBIAS) between actual and retrieved DOX concentrations for various best-performing
models.

3.4 Sensitivity of DOX retrieval model(s)

To assess the sensitivity of the best-performing models, R? statistics were used in this study.

Fig. 11 shows the scatter plot that compares the sensitivity of different best-performing models
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in retrieving DOX. It can be seen from Fig. 11 that the supervised, stacking-ensembles, and
voting-based ensembles models show a consistent sensitivity across all datasets. In contrast,
the equations and statistical models show poor sensitivity, indicating these models may not be
suitable for retrieving DOX concentrations using RS data. In terms of DOX matchup data,
modelled data showed higher sensitivity (R? > 0.90) than the EPA data (R? < 0.48), except for
equations and statistical models. Moreover, the S3-OLCI products outperform the MS
products, specifically for the L4 datasets in most cases. This result indicates that S3-OLCI
products provide more reliable data for DOX measurement than the MS products. However,
an exception occurred in the voting-based ensemble models, where the MS products (R? >
0.95) outperformed the S3-OLCI (R? > 0.9) products. The notable gap in performance between
the EPA and the modelled data indicates that the models are not well fitted for effectively
retrieving the ground-measured DOX concentrations from the RS products in TrC waters
(Uddin et al., 2025a), as well as highlights potential limitations in applying these models to

real-world data without optimization.
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Fig. 11. Relationship between actual and retrieved DOX concentrations for various models for the period of 2016-
2021 during the training phase. (For a better interpretation of the colour references in this figure, readers are
encouraged to read the web version of this article)

3.5 Reliability of DOX retrieval model(s)

To address the reliability of best-performing DOX concentration retrieval models, two
independent (2022 and 2023) datasets were utilized in the validation process. Fig. 12 and Fig.
S15 (supplementary materials-1) provide validation performance for the best-performing
model with independent datasets. It is apparent from these figures that none of the models
showed stable performance during validation, indicating low sensitivity and high uncertainty
among the best-performing models. In terms of 2022 DOX data, the modelled dataset showed
better performance than the EPA datasets; however, the R? value was < 0.6 for all models
(supervised, stacking ensemble, equation, voting-based ensemble, and statistical), indicating
marginal performance of the models (Chicco et al., 2021; Gupta et al., 2024). On the other
hand, in terms of products, the S3-OLCI products showed more stable performance (R? > 0.48)

than the MS products on modelled data in 2022. Turning now to the 2023 datasets, notable
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poor results were found compared to the 2022 dataset across products, indicating the limitation

of the best-performing models in generalizing unseen data.
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Fig. 12. Relationship between actual and retrieved DOX concentrations for various models for the period of 2022
during validation. (For a better interpretation of the colour references in this figure, readers are encouraged to read
the web version of this article)

3.6 Uncertainty of DOX retrieval model(s)

In order to assess the uncertainty of best-performing DOX models, the present research used
an inferential error bar approach with a 95% CI. Fig. 13 provides a summary of the uncertainties
of the best-performing models across different products and datasets. In the EPA datasets, the
retrieved DOX values are consistently lower than the actual DOX across all models. Moreover,
the spread of CI varies, indicating different levels of uncertainty between the models. In terms
of the variability of the datasets, the L4-S3 dataset shows a closer CI, whereas the L3-MS
dataset shows a wide CI, indicating low and high uncertainty among the applied models
(Cumming et al., 2007; IOCCG, 2019; Mikelsons et al., 2022). On the other hand, supervised

learning models showed closer CI, suggesting relatively less uncertainty than other models
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(stacking-ensembles, voting-based ensemble, equation, and statistical). However, product
performance varied across different datasets. After supervised learning algorithms, stacking-
ensembles and voting-based ensembles models showed less uncertainty based on actual and
retrieved DOX in the EPA dataset. Notably, a significant uncertainty was found in the equation
and statistical models, indicating an unsuitable approach for retrieving DOX concentrations
from TrC waters. Further analysis with the modelled data shows closer CI, indicating lower
uncertainty and better performance of the models (Cumming et al., 2007). For modelled DOX,
a low and high uncertainty was found in supervised and equation models. Moreover, the S3-
OLCI showed closer CI than the MS products for the modelled datasets, indicating less

variability in the S3-OLCI product (IOCCG, 2019; Mikelsons et al., 2022; Sajib et al., 2025b).
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Fig. 13. Uncertainty of various best performing models with 95 % CI at < 0.005, where SLM, SEM, EM, VM,
and SM on the x-axis refer to supervised learning model, stacking-ensembles model, equation model, voting-
based ensembles model, and statistical model, respectively. (For a better interpretation of the colour references in
this figure, readers are encouraged to read the web version of this article)

3.7 Spatio-temporal distribution of DOX concentrations in Irish TrC waters

The supervised learning models showed higher accuracy than other models (stacking-
ensembles, voting-based ensembles, equations, and statistical) in training, testing, and

validation. Therefore, the present research visualized the results of supervised learning models
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to demonstrate the spatial distribution of DOX concentrations over years in Irish waters. Fig.
14 and Fig. 15 show the spatial distribution of DOX level across different datasets and years.
It is apparent from these figures that DOX levels fluctuate with increasing temporal resolution
(2016-2021 to 2022), followed by a slight decrease in most datasets in 2023. This variability
may reflect the inter-annual changes in the tidal changes, stratification intensity, nutrient inputs,
and seasonal mixing dynamics (Brown et al., 2003; Fernand et al., 2006; Olbert et al., 2011).
Commonly, these factors highly influence the oxygen solubility and biological assimilation in
temperate coastal ecosystems like Ireland (Mahaffey et al., 2023). It should be mentioned that
consistently higher DOX concentrations were found in semi-enclosed bays such as River
Swilly, Donegal Bay, Clew Bay, Galway Bay, Dingle Bay, Dublin Bay, and Dundalk Bay over
the study periods, indicating that these waterbodies attributed to various physical factors,
including dynamic aeration (strong tidal mixing and wind-driven ventilation), high flushing
rates, short residence times, and wild Atlantic influences (Dabrowski et al., 2010; Olbert et al.,
2011; Sajib et al.,, 2024a). Accumulation of all these characteristics increased oxygen
replenishment and reduced thermal stratification in these zones (O'Boyle and Nolan, 2010).
Conversely, lower levels of DOX concentrations were found in the Oysterhaven, Spiddal, and
Ardmore, referring to the lower influences of these attributes on these waterbodies (Brierley &
Kingsford, 2009; Carey, 2023; Lonborg et al., 2021; Luo et al., 2024; Naylor et al., 2021).
Compared to the EPA datasets, the modelled datasets provide higher spatial resolution and
continuous monitoring results of DOX concentrations in offshore and inshore waterbodies.
However, the reliability of modelled DOX data remained questionable (Ford & Quiring, 2019;
Kosaka et al., 2022). In terms of retrieving DOX concentrations with the S3-OLCI and the MS
products, the retrieved DOX values are very close to the actual DOX concentrations for 2016-

2021, indicating the best-performing models performed well in DOX measurement. However,
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with increasing years, the spatial patterns show inconsistencies, indicating poor performance

of the model with validation datasets (2022 and 2023).
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Fig. 14. Spatio-temporal distribution of retrieved DOX concentrations (for S3-OLCI products and supervised
learning models) across the Irish TrC waters for the years 2016-2021, 2022, and 2023. (For a better interpretation
of the colour references in this figure, readers are encouraged to read the web version of this article.)
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741 Fig. 15. Spatio-temporal distribution maps of retrieved DOX concentrations (for MS products and supervised
742 learning models) across the Irish TrC waters for the years 2016-2021, 2022, and 2023. (For a better interpretation
743 of the colour references in this figure, readers are encouraged to read the web version of this article.)

744 4. Discussion

745 4.1 Data and product selection

746  To date, several research have been conducted for retrieving DOX concentrations from
747  different waterbodies (Table 2; Table S1-supplementary materials 1), but most studies have
748  been criticised due to the reliable measurements of DOX concentrations (Cai et al., 2025; Sajib
749 et al., 2025a). Moreover, a few studies have explored an in-depth relationship regarding how
750  the Rhow bands affect retrieval accuracy (Dong et al., 2024; Quang et al., 2023). Furthermore,
751  while most research on DOX concentration retrieval utilizes in-situ measurements with RS
752  data, there are a notable absence of studies integrating modelled (NEMO-PISCES) DOX
753  concentration data for developing RS-based retrieval models (Sajib et al., 2025a).
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As mentioned earlier, the initial goal of the research was to assess the differences between the
EPA-sourced and modelled-derived DOX data and their respective relationships with various
Rhow bands across different RS products. The result revealed a significant difference between
the EPA and modelled DOX data, based on the Mann-Whitney U test (p < 0.05), aligning with
findings from previous literature (Ford and Quiring, 2019; Dekker et al., 2001). However, one
of the key challenges for the comparison between EPA and modelled DOX data is the limitation
of the literature, because there are no available studies that utilized modelled data (DOX) for

the development of the RS-based model(s).

Typically, modelled data is designed to address gaps where in-situ measurements are not
available (Ford & Quiring, 2019) and offer a cost-effective alternative. Despite these
advantages, recently the modelled data have received much more criticism over the years due
to data uncertainty, reliability, and its biasness (Ciavatta et al., 2025; Dekker et al., 2001; Ford
& Quiring, 2019; Kosaka et al., 2022; Mihailov et al., 2025; Skyllas, 2018; Skékala et al., 2024;
Séférian et al., 2013; Séférian et al., 2020; Vervatis et al., 2025; Zhao et al., 2024). Specifically,
~ 50% underestimation was reported for the NEMO-PISCES model-derived WQ indicators,
such as nitrate (NOs), phosphate (POs), and ammonium (NH4) in the North Atlantic Ocean
(Skyllas, 2018). Similarly, Ciavatta et al. (2025) identified a substantial negative bias (-0.4
mg/m?) in the simulated surface CHL concentration during blooming season. Moreover, the
NEMO-PISCES-derived DOX showed more complex characteristics, with both over- and
underestimation biases that vary with depth (Séférian et al., 2020). These criticisms raise
concerns about the uses of modelled data in this study and highlight the need for rigorous
validation with ground-measured data. On the other hand, regarding the association between
in-situ DOX and Rhow bands, there were no significant correlation found across various
datasets of EPA and modelled over the study periods (Fig. 7), consistent with previous studies

(Dong et al., 2024; Gao et al., 2024); although a moderate positive correlation (in the red—NIR
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bands: Rhow 7-Rhow 11) was found between the modelled DOX and Rhow bands, indicating
that relatively longer wavelengths could be associated with the modelled data attributes. In
contrast relatively lower wavelengths (in the blue—green bands: Rhow 2—Rhow 6) showed

moderate positive association with the EPA ground-measured data (Fig. 7).

In addition, to the best of the author’s knowledge, the research represented the first initiative
to use the S3-OLCI data from the CMS programme for retrieving DOX, which is another
strength of this research, as it is a novel contribution compared to the previous (Table S1-
supplementary materials-1). For example, Chatziantoniou et al. (2022) demonstrated the
potential of the MS products (L4) for DOX retrieval, but their model showed poor accuracy
(R?=10.32), and the band information utilized for model development was not clearly defined.
The current research findings highlight that attention is required for developing a
standardized/comprehensive approach(es) that could recommend more specific band
engineering in terms of spectral resolution, temporal coverage, and environmental conditions
for different space-borne sensors in retrieving DOX concentrations using state-of-the-art

ML/AI technologies.

Table 2. A summary of previous studies based on DOX concentrations retrieving from TrC waters using RS data
across globe.

Suggested R? Data type Water Domain  Reference Independent
algorithm type data for validation
(Y =Yes /N =No)
XGB - Landsat 9 OLI Estuary USA Basirian et al., 2026 N
XGB-2D CNN - Sentinel 2 MSI Coastal China Alietal., 2025 N
Univariate LR 0.52  Zhuhai-1 Coastal China Pan et al., 2025 Y
TrAdaBoost.R2 0.81 Sentinel 2 MSI Estuary China Lietal., 2025 N
MLR 0.59 Landsat 8and 9 OLI  Coastal China Dong et al., 2024 N
RF 0.7 Sentinel 2 MSI Coastal Vietnam  Quang et al., 2023 N
XGB - Sentinel-2 MSI Bay China Zhu et al., 2022a N
Chatziantoniou et
SVR 0.32 CMS Sea Greece al., 2022 N
MODIS Aqua, .
SMLR 0.8 VIIRS Sea Korea Kim et al., 2020 N
Karakaya and
MLR 0.4 Landsat 7 ETM+ Bay Turkey Evrendilek, 2011 N
KNN 0.79  Sentinel 3 OLCI iti
. Transitional Ireland  The current study Y
GB 0.8 Multi-Sensors and Coastal
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4.2 Model performance

Another goal of this research was to develop, validate, and evaluate the performance of various
advanced ML/AI and statistical approach model(s) in retrieving DOX more accurately. This
research developed more than 2000 ML/AI and statistical models, where the results clearly
showed that model effectiveness is determined by methodological attributes rather than the
quantity and complexity of models. In this study, supervised learning models such as GB,
KNN, and ExDT outperformed compared to other models (stacking-ensembles, voting-based
ensembles, equations, and statistical-based approaches) because of their ability to handle high-
dimensional and non-linear relationships between data attributes of Rhow bands and DOX
concentrations, despite DOX being an OI-WQ indicator (Ahmadi et al., 2025; Fu et al., 2019;
Gafoor et al., 2022; Nezlin et al., 2025). It can be seen from the result that, relatively, the tree-
based algorithms (ExDT, GB) can identify the complex relationships such as higher-order and
conditional dependencies between features (e.g., spectral bands) (Geurts et al., 2006;
Grinsztajn et al., 2022; Schiltz et al., 2018), while algorithms like KNN performed well by
using neighbour similarities within given dataset(s) (Halder et al., 2024). The findings are
consistent with previous research, which indicates the effectiveness of similar supervised
models for controlling the training scenarios (Chatziantoniou et al., 2022; Dong et al., 2023;
Gao et al., 2024; Guo et al., 2021; Krishnaraj & Honnasiddaiah, 2022; Li et al., 2020; Luo et
al., 2025; Quang et al., 2023; Salas et al., 2022; Shi et al., 2024; Toming et al., 2024).
Conversely, statistical and equation models are limited by strict functional assumptions and
fail to capture high-dimensional variability in RS data (Kumar et al., 2025; Johnstone et al.,
2009). Moreover, stacking-ensembles and voting-based ensembles models were developed to
improve the performance by combining multiple base regressors but failed to demonstrate good
performance during the validation phase (Fig. 12, and Fig. S15; Table S10, Table S12-

supplementary materials-1). These characteristics could be linked to the fact that the DOX is
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OI-WQ, which means that weak and indirect spectral correlation makes ensemble aggregation

less effective (Raheli et al., 2024).

Recent advancements, such as Li et al. (2025), Ali et al. (2025), and Basirian et al. (2026), have
highlighted the increasing role of ML/AI, deep learning, and transfer learning using various
multi-sensor products for retrieving the DOX, particularly for TrC waters (Table 2). However,
to date, there are lack of studies that have been carried out to validate the model(s) performance
for completely unseen (independent) high-dimensional data attributes in order to evaluate their
proposed/developed model(s) in terms of the model’s generalizability and transferability,
indicating that the existing ML/Al-based DOX retrieval approaches should be explored in
depth to generalize for the high-dimensional data like RS products for translating the unseen
dataset. In terms of the strength of this research, the proposed framework was tested and
validated for the unseen datasets, although the model(s) performance is not satisfactory to
retrieve DOX more accurately. The inconsistent performance during the validation phase raises
concerns about the robustness and generalizability of these models (Aldoseri et al., 2023; Kang,
2020; Rossi et al., 2024). The current research identified several factors that could contribute
to this discrepancy. These factors are overfitting/underfitting problems during the training and
testing period (Kang, 2020; Rossi et al., 2024) and distribution differences/data shifting
between the dependent and independent variables in both the training and validation datasets
(Cai et al., 2021; Maggio et al., 2022; Otles et al., 2021). In short, the results are not only
highlighting the need for further evaluation of factors affecting model transferability or
generalizability but also addressing the importance of developing more domain(s) adaptive

model(s) that could be capable of upholding the accuracy within different datasets.

4.3 Uncertainty in features (Rhow) between model development and validation phases
Several research have reported on the poor performance of models in retrieving the DOX

concentrations (see Table S1-supplementary materials 1). Although those studies have not
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addressed the sources of the issues, why the model(s) obtained poor accuracy, nor have they
provided in detail the limitations or explanations of the models for both the training and testing
datasets. Therefore, it clearly noted that there were a lack of sufficient justification for why the
developed models failed to retrieve DOX accurately in existing studies. However, the third
goal of the study was to evaluate the accuracy of the model’s performance with independent
validation datasets and to assess their sensitivity and uncertainty. The result of the research
reveals a notable difference between model development (2016-2021) and validation Rhow
bands (2022 and 2023) across all datasets, indicating high variability between the training and
validation datasets (Fig. S16-S23, supplementary materials-1). In particular, the PDF and CDF
plots show a notable change in the distribution over the years for most of the Rhow bands
(Rhow 1 to Rhow _11) across datasets (Fig. S16-S23, supplementary materials-1). Moreover,
the target variable DOX concentration (both modelled and EPA) also showed considerable
interannual variability within these datasets. These distributional issues reflect the poor
accuracy of the best-performing models with independent datasets, indicating the data shifting
could be an impact on model performance (Malinin et al., 2021; Otles et al., 2021;
Taghiyarrenani et al., 2023). To the best of the author’s knowledge, the research represents one
of the first attempts to evaluate the distributional change between the training (2016-2021) and
independent datasets (2022-2023) within a ML/AI framework, specifically for RS-based DOX
retrieval from TrC waters. The notable decline in performance corresponds with the challenges
and limitations of the dataset shift in model generalization documented across various ML/AI
fields (Cai et al., 2021; Malinin et al., 2021; Otles et al., 2021; Dockes, 2021; Subbaswamy et
al., 2020; Taghiyarrenani et al., 2023; Turhan, 2012). These findings demonstrate that
distribution shifts in data not only reduced model accuracy but also increased error rates, biased

predictions, and created instability and overfitting/underfitting problems in this study.
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4.4 Implications for anthropogenic water cycle

In this research, the Irish TrC waters exhibit natural DOX dynamics, which are primarily
influenced by seasonal stratification, tidal mixing, and primary production alongside
overlaying anthropogenic effects. This is evident by the high DOX levels (EPA matchups ~10—
11 mg/L) found in this study. During the study period, higher DOX levels were consistently
observed in semi-enclosed bays, whereas lower DOX levels were observed in less dynamic
areas (see Fig. 14 and Fig. 15). A recent EPA study found that excess nitrogen (mainly from
agricultural and wastewater runoff) causes notable variations in DOX levels in these regions
(Feeley et al., 2025; Trodd et al., 2021), leading to increased eutrophication. These pressures
correspond with larger European trends, where runoff from farming is a major threat to
eutrophication and deoxygenation, especially in TrC regions (European Environment Agency,

2021).

The research introduces a scalable and robust methodology for mapping baseline oxygen
conditions by utilizing RS and ML/AI techniques, which could provide critical synoptic
insights into the expansive TrC environment. The methodology also provides a valuable pre-
anthropogenic or natural benchmark that could accurately capture temporal and spatial DOX
variability at a low cost and minimal direct human intervention. Both the OSPAR Convention
commitments (Convention for the Protection of the Marine Environment of the North-East
Atlantic) and the Irish EPA assessment group could utilize this benchmark to detect future

changes in baseline DOX conditions caused by excessive nutrient inputs.

Moreover, the transferable nature of this framework could be crucial for addressing the
complexities of the anthropogenic water cycle, particularly by utilizing this framework to
different regions and contexts. Additionally, the independent validation data approach can be

further extended to scenario-based simulations. For example, it could be utilized to predict how
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DOX levels would improve if agricultural runoff were reduced to meet the EU Nitrates
Directive standards (Musacchio et al., 2020). These types of transferable and predictive
capabilities could assist in the adaptive management plans required under the WFD and Marine
Strategy Framework Directive. In addition, this robust approach can be tested/adapted into

various global scenarios to combat ocean deoxygenation.

4.5 Challenges, limitations and future research directions

The research highlights the robust nature of integrating cutting-edge ML/AI with satellite data
for retrieving (predicting) OI-WQ indicators. However, as indicated in the author’s prior
research (Diganta et al., 2024, 2025; Sajib et al., 2025a; Uddin et al., 2025a), a number of
persistent challenges hinder reliable and effective implementation of retrieving OI-WQ
indicators using these techniques. A primary issue is the indirect relationship between spectral
reflectance and OI-WQ indicators, which are further affected by optical complexity in TrC
waters (e.g., atmospheric disturbances and high variability in sediments) (Morel and Prieur,
1977; Gordon and Morel, 1983; Vanhellemont & Ruddick, 2021; Sajib et al., 2025a, 2025b).
Apart from this, high variability (e.g., due to algal bloom, eutrophication) and inherent noise
(e.g., aerosols, clouds, precipitation, fog, hue) in RS data increase uncertainty in the retrieval
models (Brando et al., 2024; Coffer et al., 2025; IOCCG, 2019; Maciel et al., 2023). All these
characteristics collectively may limit the physical interpretability and generalizability of
ML/AI models, specifically when validate model with independent datasets. These limitations
are highlighted in this study during the validation phase, indicating sensitivity to data
distribution shifts. Additionally, the study identified that standalone single Rhow bands are not
sufficient for developing OI-WQ indicators, as these bands are highly correlated with each

other, indicating multicollinearity issues (Fig. S24-S25, supplementary materials-1).

Another important consideration is the data quality issue, such as small datasets (e.g., N =289

EPA matchups) and sparse feature characteristics of EPA-sourced DOX data (due to logistical

47



919

920

921

922

923

924

925

926

927

928

929

930

931

932

933

934

935

936

937

938

939

940

941

constraints). These limitations notably increase the risk of overfitting/underfitting, especially
when attempting to capture relationships between DOX and high-dimensional RS reflectance.
Furthermore, without integrating L2 RS data and seasonal variability analysis, the developed
model remains limited in its capacity to capture the short-term dynamics of DOX in the study

area.

In order to improve the model(s) performance, the research addressed a few strategies that
could be integrated into future research. First, exploring various spectral combinations, band
ratios, advanced feature engineering (e.g., Fast Fourier transformation, Discrete Wavelet
transformation, various ML/AI approaches like SHAP, feature engineering-based algorithms),
data augmentation (e.g., Gaussian noise to the predictor variable), and integration of L2 RS
data with atmospheric corrections to capture short- and long-term dynamics. Expand to multi-
source fusion (combination of S3-OLCI, MS, and hyperspectral data) and larger datasets from
various geographical domains to boost the generalization of the model. Second, hybrid
modelling approaches with physics-informed constraints (e.g., Physics-Informed Neural
Networks) or transfer learning to reduce overfitting and improve transferability across various
domains and time periods. Finally, model evaluation in various aquatic environments (e.g.,
lakes, rivers, seas, and wetlands) will be essential for assessing the model’s performance,
uncertainty, and reliability. However, to the best of the author’s knowledge, this is the first
effort to comprehensive analysis and assess 2101 ML/AI models, including independent
dataset(s) used for further validation of the model(s) performance in retrieving the DOX from
RS data. The results and findings of the research could be effective in selecting the ML/AI
model(s) and their architectural attributes with input customization for further improvement of

the framework.
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5. Conclusion

The research was carried out to address the reliability of the existing relevant studies for
retrieving DOX concentrations using ML/AI techniques from the RS products. The main goal
of the research was to evaluate the reliability of various advanced ML/AI (supervised learning,
stacking-ensembles, equations, and voting-based ensemble models) and statistical models
(PCR, PLS, and OLS models) for retrieving DOX concentrations from in-situ (EPA, Ireland)
and modelled (NEMO-PISCES) using S3-OLCI and MS RS products. For achieving the
research goals, the study developed 2101 ML/AI with the integration of the advanced statistical
tools and techniques, whereas the model performance was evaluated using independent
dataset(s) by comparing multiple error metrics. From the results and findings, the summary of

the research are as follows:

. The research found a significant difference between the EPA and modelled DOX
concentrations over the study period, based on the Mann-Whitney U test (p < 0.05).
Also, the research identified the spatial clustering pattern in both matchups data
using Moran’s I statistics.

. Among the five groups of models (>2000, including stacking-ensemble, voting-
based ensemble, statistical, and equation), the supervised learning models (KNN,
BGR, GB, and ExDT) showed marginal performance, which is consistent over the
years for all datasets; whereas the best-performing models (ranked 1) showed poor
generalizability on independent datasets.

. The best-performing models showed high sensitivity and low uncertainty during the
training period but failed to uphold consistent performance with the independent
datasets, linked to distributional shifts between datasets.

. In terms of the RS products, the S3-OLCI was identified as the most reliable RS

product compared to MS data for retrieving DOX using L3 and L4 data among the
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tested products with less uncertainty and stable performance across datasets.
Relatively, using L4 data, the model(s) shows better performance compared to L3.
. In retrieving DOX, relatively higher variability in DOX concentrations was found
in bay areas such as River Swilly, Donegal Bay, Clew Bay, Galway Bay, Dingle
Bay, Dublin Bay, and Dundalk Bay, whereas lower DOX concentrations were

found in Oysterhaven, Spiddal, and Ardmore.

It should be highlighted that the novel contributions of this research include: (i) this was the
first initiative using the CMS S3-OLCI products for retrieving the DOX integrating the ML/AI
with advanced statistical approaches, and demonstrating their edge in accuracy for OI-WQ
indicator measurement; (ii) the research developed and validated 2101 models for DOX
retrieval, addressing the inherent limitations of advanced data-driven approaches in estimating
Ol indicators using only RS spectral bands standalone; and (iii) an in-depth investigation of the
reasons behind the failure of the best-performing models at the validation stage via distribution
shifts, highlighting challenges in RS-based OI indicator estimation. Therefore, the results of
this research could be utilized for various operational monitoring, such as the EPA can utilize
S3-OLCI data for large-scale DOX assessment under the EU-WFD framework while
incorporating routine validation to reduce biases in the results. Moreover, the results of this
research have several important implications for future practice, especially for
researchers/organizations/scientist could utilize the present research outcomes for further
advancement of retrieving various OI-WQ indicators from the RS products using the advanced
data-driven approaches. Although the research has been carried out using the fundamental
ML/AI algorithms using stacking-ensembles, voting-based ensembles, statistical, and equation
approaches, future studies should incorporate deep learning and more sophisticated algorithms
like transformer-based time—space models, physics-informed and hybrid Al etc., to improve

the retrieval accuracy of the model(s). However, the research reveals that the supervised
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learning model(s) could be effective for retrieving the DOX within the coastal zone using the

S3-OLCI (L4) across highly cloud-coverage areas like Irish waterbodies.
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