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Table S1: A summary of previous studies based on DOX concentrations retrieving using remote sensing data across globe.
	Suggested Algorithm
	R2
	Data Type
	Water Type
	Domain
	Reference
	Independent 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
	Ali et al., 2025
	N

	Univariate LR
	0.52
	Zhuhai-1
	Coastal
	China
	Pan et al., 2025
	Y

	ZBEMS
	0.57
	ZY-1 02D
	Lake
	China
	Cai et al., 2025
	N

	TrAdaBoost.R2
	0.81
	Sentinel 2 MSI
	Estuary
	China
	Li et al., 2025
	N

	XGB
	0.79
	Sentinel 2 MSI
	River
	Serbia
	Ilic et al., 2025
	N

	SVM
	0.84
	Hyperspectral
	Lake
	China
	Luo et al., 2025
	N

	XGB
	0.62
	Sentinel 2 MSI
	Lake
	Estonia
	Toming et al., 2024
	N

	SVR/SVM
	0.36
	Sentinel 2 MSI
	River, Lake
	China
	Gao et al., 2024
	N

	ETR
	0.9
	Sentinel 2 MSI
	Lake
	China
	Shi et al., 2024
	N

	FCM-BC
	0.54
	UAV
	Reservoir
	China
	Tian et al., 2024
	N

	
	0.5
	Sentinel 2 MSI
	
	
	
	N

	
	0.29
	Landsat 7 ETM+
	
	
	
	N

	MLR
	0.59
	Landsat 8 and 9 OLI
	Coastal
	China
	Dong et al., 2024
	N

	LR
	0.49
	Landsat 8 OLI
	Lake
	Indonesia
	Tanjung et al., 2023
	N

	Transformer
	0.45
	UAV,
	Wetland
	China
	Yang et al., 2023
	N

	
	
	Sentinel 2 MSI,
	
	
	
	

	
	
	Ziyuan-3,
	
	
	
	

	
	
	Zhuhai-1
	
	
	
	

	MDNN
	-
	Himawari-8
	Lake
	China
	Shi et al., 2023
	N

	CatBoost
	0.77
	Sentinel 2 MSI
	Lake
	China
	Dong et al., 2023
	N

	MSMCF
	0.59
	GF5–01
	River, lake
	China
	Li et al., 2023a
	N

	
	0.55
	ZY1-02D
	
	
	
	N

	
	0.67
	Zhuhai-1
	
	
	
	N

	MLR
	0.95
	Sentinel 2 MSI
	Wetlands
	Colombia
	Padilla-Mendoza et al., 2023
	N

	RF
	0.7
	Sentinel 2 MSI
	Coastal
	Vietnam
	Quang et al., 2023
	N

	LR
	0.96
	Sentinel 2 MSI
	Wetland
	India
	Mohandas and Brema, 2023
	N

	
	0.98
	Landsat 8 OLI
	
	
	
	N

	XGB
	0.98
	Landsat 8 OLI
	Basin
	India
	Krishnaraj and Honnasiddaiah, 2022
	N

	XGB
	
	Sentinel 2 MSI
	Bay
	China
	Zhu et al., 2022
	N

	XGB
	0.9
	Sentinel 2 MSI
	Reservoir
	China
	Tian et al., 2023a
	N

	XGB
	0.53
	Sentinel-2 MSI,
	Lake
	China
	Yang et al., 2022
	N

	
	
	ZY1-02D AHSI
	
	
	
	

	V-LSTM
	
	Landsat 8 OLI
	Stream
	Pakistan
	Ahmed et al., 2022
	N

	XGB
	0.82
	MODIS Aqua
	Lake
	China
	Liu et al., 2022a
	N

	ANN
	
	Landsat 8 OLI
	Lake
	China
	Cao et al., 2022
	N

	SVR
	0.32
	CMEMS
	Sea
	Greece
	Chatziantoniou et al., 2022
	N

	RF, SVM
	-
	Sentinel 2 MSI
	River
	USA
	Salas et al., 2022
	N

	GPR
	0.84
	Landsat 8 OLI
	River
	China
	Liu et al., 2022b
	N

	LR
	0.61
	Landsat 5 TM
	Lake
	China
	Al-Shaibah et al., 2021
	N

	
	
	Landsat 7 ETM+
	
	
	
	N

	
	
	Landsat 8 OLI
	
	
	
	N

	SVR
	0.91
	MODIS-Aqua,
	Lake
	USA
	Guo et al., 2021
	N

	
	
	Landsat 4 TM,
	
	
	
	

	
	
	Landsat 5 TM,
	
	
	
	

	
	
	Landsat 7 ETM+
	
	
	
	

	BP-VIP-
	0.45
	GaoFen-5
	Lake and Rivers
	China
	Wang et al., 2021
	N

	SPCA
	
	Zhuhai-1
	
	
	
	N

	DNS-DNNs
	0.8
	UAV
	Aqua culture
	China
	Wang et al., 2020
	N

	
	
	hyperspectral
	
	
	
	

	pDNN
	0.89
	Landsat 8 OLI,
	River and Lakes
	USA
	Peterson et al., 2020
	N

	
	
	Sentinel-2 MSI
	
	
	
	

	SMLR
	0.8
	MODIS,
	Sea
	Korea
	Kim et al., 2020
	N

	
	
	VIIRS
	
	
	
	

	LR
	0.74
	Sentinel 2 MSI
	Reservoir
	Morocco
	Karaoui et al., 2019
	N

	PCR
	0.89
	Gokturk-2,
	Lake
	Turkey
	Batur and
Maktav, 2019
	N

	
	
	Landsat 8 OLI,
	
	
	
	

	
	
	Sentinel 2 MSI
	
	
	
	

	BPNN
	0.93
	Landsat 8 OLI
	River
	Canada
	Sharaf El Din et al., 2017
	N

	SLR
	0.92
	Landsat 8 OLI
	River
	Canada
	Sharaf El Din & Zhang, 2017
	N

	MLR
	0.4
	Landsat 7 ETM+
	Bay
	Turkey
	Karakaya and Evrendilek, 2011
	N


[Note: SVM = support vector machine; XGB = Extreme gradient boosting; ETR = Extra tree regression; FCM-BC = fuzzy C-means clustering algorithm with band combination; MLR = Multiple linear regression; MDNN = Multimodal Deep Neural Network; MSMCF = Multi-spectral scale morphological combined feature; RF = Random Forest; V-LSTM = Vanilla long short-term memory; ANN = Artificial neural network; GPR = Gaussian process regression; BP-VIP-SPCA = Back-propagation-variable importance projection-segmented principal component; DNS-DNNs = Dynamic network surgery-deep neural networks; SMLR = Stepwise multiple linear regression; PCR = Principal component regression; LR = Linear regression, ZBEMS = zoning-based ensemble modeling strategy, CNN = Convolutional Neural Networks]

2.1 Study Area
Ireland has the largest maritime area in the European Union (EU), with approximately 33,977 square miles of seabed area. Furthermore, its tidal water extends over an area of 5405 square miles, playing a significant role in the Irish aquatic ecosystem and coastal dynamics (Marine Ireland Industry Network, 2025; Sajib et al., 2024a). Ireland’s marine environment is shaped by powerful tides, seasonal stratification, regional gyre-like circulations, and nutrient inputs from both natural processes and man-made sources (Brown et al., 2003; Creane et al., 2021; Fernand et al., 2006; Olbert et al., 2011; Sharples et al., 2020) leading to a complex transitional and coastal (TrC) environment. These features affect sediment transport dynamics and seabed changes around the Irish TrC waterbodies (Creane et al., 2021). Moreover, in certain zone, the gyre-like circulations create slow-moving zones (months-long residence times) where pollutants and oxygen depletion can accumulate, affecting the marine environment (Olbert et al., 2011). The Irish TrC waterbody supports a diverse maritime economy that has significant potential to engage in a global market (Inter-Departmental Marine Coordination Group, 2012). According to the Socio-Economic Marine Research Unit (SEMRU), Ireland's maritime sector made about €8.1billion in revenue between 2016 to 2023 (Flynn et al., 2024). However, TrC water quality (WQ) of Ireland declined around 26% between 2013 and 2018 (EPA, 2023a; Trodd et al., 2022).
2.2 Remote sensing data 
The selection of L3 (here, L refers as level) and L4 data (Sentinel-3 OLCI – S3-OLCI and Multi-sensor - MS) in the study is based on their sophisticated preprocessing and consistent spatial/temporal data availability. These factors overcome notable limitations of lower-level satellite data (L1/L2) for operational WQ monitoring, especially in Irish TrC waterbodies, which are heavily influenced by the wild Atlantic Ocean (Sajib et al., 2024a). Typically, L3 are daily atmospherically corrected aggregated data with reduced noise, which are obtained by merging satellite data (Colella et al., 2023). On the other hand, L4 products are based on rigorous preprocessing that merges L3 products and incorporates data gaps using the Data Interpolation Empirical Orthogonal Function (DINEOF) model, resulting in a more comprehensive and precise dataset for time-series analysis (Garnesson et al., 2024; Marchese et al., 2024). However, these products have some limitations, including spatial averaging biases, inherited L2 uncertainties, discrepancies in gap-filling during persistent cloud cover, and overestimation of water-leaving reflectance (Rhow) during atmospheric correction processes (Brando et al., 2024; Sajib et al., 2025b; Scott and Werdell, 2019). Notwithstanding this shortcoming, few studies have tested their performance in WQ retrieval from various waterbodies (Brando et al., 2024; Chatziantoniou et al., 2022; Laura et al., 2025; Marchese et al., 2024; Uddin et al., 2025a), underscoring an opportunity for this research to assess their effectiveness while considering these inherent limitations. A detailed description of S3-OLCI and MS data can be found as follows:
(i) S3-OLCI: The S3-OLCI (comprise of 3A and 3B) is an ESA and EUMETSAT jointly operated satellite for ocean and land observation (Antoine, 2010). It is based on visible imaging push-broom radiometer technology with 21 spectral bands that range between 400 nm and 1200 nm (Brockmann et al., 2016). The S3-OLCI was launched in 2016 to maintain continuity of measurements provided by the MERIS (Medium Resolution Imaging Spectrometer) satellite (Sajib et al., 2024a; 2025b). The research utilized two levels of the S3-OLCI data: (i) L3-OLCI and (ii) L4-OLCI. These data were obtained from the Copernicus Marine Services (CMS) server (Table S2). The study specifically used eleven S3-OLCI bands (e.g., 400 nm, 412 nm, 443 nm, 490 nm, 510 nm, 560 nm, 620 nm, 665 nm, 674 nm, 681 nm, and 709 nm) at a 300 m spatial resolution for both levels. 
(ii) Multi-Sensors (MS): The MS products are the combination of RS data from various sensors, including SeaWIFS, MERIS, MODIS-Aqua, MODIS-Terra, VIIRS-SNPP, JPPS1, S3A-OLCI & S3B-OLCI (Table S2). Both MS-L3 and L4 data were acquired from the CMS server. The L3 data included six Rrs bands (412 nm, 443 nm, 490 nm, 510 nm, 560 nm, and 665 nm), whereas the L4 data contained five Rrs bands (412 nm, 443 nm, 490 nm, 555 nm, and 670 nm) along with bio-optical variables (Brando et al., 2024). Detailed descriptions of these products can be found in Garnesson et al. (2024) and Colella et al. (2023). 
 Table S2: Details of various levels remote sensing products utilized in this study
	Data level
	Product level
	Product name
	Dataset ID
	Source link

	(i) Sentinel 3 OLCI

	North Atlantic Ocean Colour Plankton, Reflectance, Transparency and Optics MY L3 daily observations
	Level 3
	OCEANCOLOUR_ATL_BGC_L3_MY_009_113
	cmems_obs-oc_atl_bgc-reflectance_my_l3-olci-300m_P1D
	https://data.marine.copernicus.eu/product/OCEANCOLOUR_ATL_BGC_L3_MY_009_113/description

	Global Ocean Colour (Copernicus-GlobColour), Bio-Geo-Chemical, L4 (monthly and interpolated) from Satellite Observations (1997-ongoing)
	Level 4
	OCEANCOLOUR_GLO_BGC_L4_MY_009_104
	cmems_obs-oc_glo_bgc-plankton_my_l4-olci-300m_P1M
	https://data.marine.copernicus.eu/product/OCEANCOLOUR_GLO_BGC_L4_MY_009_104/description

	(ii) Multi Sensor

	Global Ocean Colour Plankton and Reflectances MY L3 daily observations
	Level 3
	OCEANCOLOUR_GLO_BGC_L3_MY_009_107
	c3s_obs-oc_glo_bgc-reflectance_my_l3-multi-4km_P1D
	https://data.marine.copernicus.eu/product/OCEANCOLOUR_ATL_BGC_L3_MY_009_113/description

	Atlantic Ocean Colour (Copernicus-GlobColour), Bio-Geo-Chemical, L4 (daily interpolated) from Satellite Observations (1997-ongoing)
	Level 4
	OCEANCOLOUR_GLO_BGC_L4_MY_009_104
	cmems_obs-oc_glo_bgc-optics_my_l4-multi-4km_P1M
	https://data.marine.copernicus.eu/product/OCEANCOLOUR_GLO_BGC_L3_MY_009_107/description

	(iii) Modelled data

	Atlantic-Iberian Biscay Irish- Ocean BioGeoChemistry NON-ASSIMILATIVE Hindcast
	-
	IBI_MULTIYEAR_BGC_005_003
	cmems_mod_ibi_bgc_my_0.083deg-3D_P1M-m
	https://data.marine.copernicus.eu/product/IBI_MULTIYEAR_BGC_005_003/description

	Atlantic-Iberian Biscay Irish- Ocean Biogeochemical Analysis and Forecast
	-
	IBI_ANALYSISFORECAST_BGC_005_004
	cmems_mod_ibi_bgc_anfc_0.027deg-3D_P1M-m
	https://data.marine.copernicus.eu/product/IBI_ANALYSISFORECAST_BGC_005_004/description



2.3 Water quality data
(i) EPA data: Ireland’s national monitoring programme regularly provides different types of WQ indicator data for inland and TrC waters (Sajib et al., 2024a). The programme was developed in order to monitor the progress towards environmental objectives set by the Water Framework Directive (WFD) and outlined in Ireland’s National River Basin Management Plan (RBMP) (Uddin et al., 2023a). Between 2019 and 2021, the EPA monitored 84 transitional waters (23 surveillance and 61 operational) and 47 coastal waterbodies (9 surveillance and 38 operational) as a part of the national WFD monitoring programme (EPA, 2021a; 2021b; 2023a; 2023b). Among them, the surveillance monitoring network provides a long-term and comprehensive overview of the state of waterbodies nationwide, while the operational network assesses the state of waterbodies at risk to meet environmental goals (EPA 2021a). The EPA has established a quality control/quality assurance (QC/QA) system to ensure the accuracy of the data generated through this programme (Uddin et al., 2023a).
(ii) NEMO-PISCES/ Modelled data: The study also used DOX concentrations data from the CMS repository (Table S2). This data covers the northeast Atlantic Ocean from the Canary Islands to Iceland, including the North Sea and the western Mediterranean, with a NEMO-PISCES (Nucleus for European Modelling of the Ocean-Pelagic Interaction Scheme for Carbon and Ecosystem Studies) model application (Gutknecht et al., 2019; McGovern et al., 2022). The NEMO is an EU-funded numerical model that is mostly utilized for ocean and climate forecasting (Garnier et al., 2016). In contrast, the PISCES provide simulated marine biogeochemical data, which includes major ocean nutrients such as phosphorus, nitrogen, etc. (Aumont et al., 2015; Garnier et al., 2016). The combination of these two models is utilized to trace oceanic transport and monitor biogeochemical processes (Gutknecht et al., 2019; Vervatis et al., 2021). 
2.4.1 Matchup procedure
In the remote sensing (RS)-based WQ retrieval process, researchers have utilized various matchup methods, including the average or median reflectance value calculated using a specific pixel window (e.g., 3×3, 5×5). For example, Peterson et al. (2020) utilized a mean of 3×3-pixel area for the S2-MSI and Landsat 8 OLI products, while Bailey & Werdell (2006) utilized a larger 5×5 pixel mean for SeaWiFS data. Similarly, Qin et al. (2017) utilized 3×3 pixel averaging for the MERIS data. More recently, Maciel et al. (2023) utilized a median of 5×5 pixels for the Landsat data. The current research applied guidelines suggested by EUMETSAT (2021) for the matchup process. This method is specifically designed for the S3-OLCI products and is recommended by the ESA for ensuring consistent and comparable validation across RS datasets. This well-established guideline utilized in several studies to calculate the matchup reflectance values (Gleratti et al., 2024; Li et al., 2023b; Li et al., 2023c; Vanhellemont & Ruddick, 2021; Sajib et al., 2025b). The core features of this guideline include spatial window selection, data filtering conditions, data summarization, matchup statistics, and flag recommendations. These features support researchers in handling challenges in RS data, such as spatial heterogeneity and outliers (Sajib et al., 2025b).
2.4.2 Outlier treatment
In ML/AI modelling, the outlier treatment is a crucial step to ensure the accurate evaluation of the model input attributes and their output. Typically, outliers/anomalies/extreme values in data are defined as data points that lie far from the rest of the observations in a given dataset (Smiti, 2020; Uddin et al., 2024). A small number of outliers in the input data can hinder the statistical significance of any analysis (Sullivan et al., 2021). Several methods currently exist for outlier treatments, such as Z-score, the Interquartile Range (IQR), Local Outlier Factor (LoF), Isolation Forest (IsoF), Modified Z-score (MoD-Z), and density-based spatial clustering (DBSCAN) (Al Farizi et al., 2021; Alghushairy et al., 2021; Sullivan et al., 2021; Wu et al., 2023; Yaro et al., 2023, 2024). The current study utilized four of the most popular outlier treatment procedures, including Z-score, MoD-Z, LoF, and IsoF for data processing and cleaning, following the methodology of Uddin et al. (2024). Several recent studies have utilized similar approaches to detect outliers in data (Bouchouia et al., 2023; Fourati et al., 2021; Li et al., 2021; Susto et al., 2017; Tanaka et al., 2020; Wu et al., 2023; Yaro et al., 2023; Uddin et al., 2024). The selection of these outlier methods was recommended based on prior research conducted by different researchers (Bouchouia et al., 2023; Fourati et al., 2021; Kuna et al., 2014; Lesouple et al., 2021; Li et al., 2021; Smiti, 2020; Sullivan et al., 2021; Susto et al., 2017; Tanaka et al., 2020; Wu et al., 2023; Xu et al., 2018; Yaro et al., 2023, 2024) and findings from various literature (Al Farizi et al., 2021; Alghushairy et al., 2021; Fourati et al., 2021; Kuna et al., 2014; Lesouple et al., 2021; Smiti, 2020; Susto et al., 2017; Yaro et al., 2023, 2024; Uddin et al., 2024). A detailed description of these outlier’s techniques are as follows:
(i) Z-score: The z-score is a dimensionless value computed by dividing the difference between a data point and the mean of the dataset by the standard deviation of the dataset. In statistics, a z-score allows a user to identify the distance between an observed value and the mean of the dataset (Sajib et al., 2023). A positive or negative z-score means the observed value is above or below the mean, respectively. The average of all z-scores in a dataset is always zero, whereas the standard deviation of all z-scores in a dataset is always one (Sajib et al., 2024b). In this study, the Z-score threshold value was set equal to 3 to identify outliers. The z-score is defined (Eq. 1) as follows: 
 
where Z indicates the normalized data,  is the observed data,   is the mean value of dataset, and  is the standard deviation of the dataset. 
(ii) MoD-Z: The MoD-Z is an advanced statistical tool that is used to detect potential outliers in a given dataset. It provides a more robust alternative to the standard z-score (IBM, 2024). Generally, it utilized the median to calculate z-score as an alternative to the mean. Typically, the MoD-Z value less than -3.5 or greater than 3.5, defined as potential outliers (Iglewicz & Hoaglin, 1993). The modified z-score is defined (Eq. 2) as follows:
   (2)
where  is the observed data,  is the median value of dataset, and  is the median absolute deviation of the dataset. 
(iii) LoF: The LoF is an unsupervised machine learning (ML) algorithm that detects anomalies based on the density of data points around them (Alghushairy et al., 2021). The advantage of employing LoFs is the identification of outlier points in relation to a local cluster of data. Conversely, the drawback is that it requires a high computational cost, which may be sensitive to the selection of neighbourhood size and distance measure (Belyadi, & Haghighat, 2021). Typically, LoF utilized two hyperparameters: (i) neighbourhood size (ii) contamination factor. Among them contamination factor determines the number of most isolated points to be referred as anomalies (Alghushairy et al., 2021). In this study contamination factor was set between 0.05 to 0.5 to identify the best suited dataset. In practice, the LoF value is nearly equal to one defined normal point, while a higher value indicates potential anomalies. The LoF (Eq. 3-5) of a point is defined as:
                                                                                                                           (3)
                                                                                                (4)
                                                (5)
where  the set of -nearest neighbours of point ,  is the local reachability density of point ,  is the reachability distance between  and ,  is the distance from  to its -th nearest neighbours and  is the distance between  and . 
(iv) IsoF: The IsoF is an unsupervised decision tree-based algorithm that detects anomalies in a given dataset by isolating outliers in the data. The IsoF utilizes the mean of the predictions by several decision trees when assigning the final outlier score to a given data point (Al Farizi et al., 2021). The algorithm randomly selects a feature from the given dataset. After that, it randomly chooses a split between the range of the feature’s minimum and maximum values. The whole process randomly partitions the data based on the selected features and split point (Lesouple et al., 2021).
Feature engineering
Feature engineering is a process of manipulation of data sets (e.g., addition, deletion, combination, and mutation) to improve the performance of ML/AL models (Yang et al., 2023). Typically, the performance of ML/AI models depends heavily on the quality and relevance of the input features (Uddin et al., 2023c). Recent advances in ML/AI methods have facilitated investigations of feature engineering (Guo et al., 2025; Venkatesh & Anuradha, 2019). The research utilized five embedding-based and seven wrapper-based feature engineering models for feature optimization. Relatively, the embedding models enable the algorithms to understand both the correlation between features and target values, as well as the significance of each feature (Aslan et al., 2022; Dorado-Guerra et al., 2022; Liu et al., 2024). Recently several water resource studies have utilized these techniques and reported that these could be more effective to extract the accurate relevant features from a dataset (Sajib et al., 2024b; Uddin et al., 2023c; 2023d; Bashir et al., 2022; Dou et al., 2022; Jia et al., 2013; Wang et al., 2025). In order to illustrate the effects of the above-mentioned feature engineering strategies while maintaining computational efficiency, these methods only applied to the statistical and equation-based models in this research. The selection was justified by the necessity to enhance prediction in these straightforward and interpretable models, which exhibit more sensitivity to feature quality and benefit significantly from optimization (Hastie et al., 2009; James et al., 2021; Molnar, 2025). Detailed descriptions of the embedding and wrapper-based models can be found as follows:
(i) Embedding Method: The embedded methods are a feature selection approach that integrates feature selection directly with the algorithm training phase. The procedure enables the algorithm to comprehend both the correlation between features and target values, as well as the significance of each feature. This method provides an equal balance between performance and computational accuracy. Despite their advantages in efficiency, embedded approaches often showed limited interpretability and may not be universally applicable (Liu et al., 2024).
(ii) Wrapper Method:  This approach investigates various combinations of features and selects those that result in the best model performance (Hayet-Otero et al., 2023; Rodriguez-Galiano et al., 2018). The wrapper methods utilized informed search-based strategies (e.g., forward selection, backward elimination, or recursive feature elimination) to identify the optimal feature. One of the key advantages of this method is their model-specific optimization and adaptive flexibility. In contrast, they are prone to overfitting with high-dimensional data. Notwithstanding these drawbacks, numerous studies utilized wrapper methods to select optimal features (Bashir et al., 2022; Hayet-Otero et al., 2023; Rodriguez-Galiano et al., 2018). Details of the wrapper methods can be found in Bashir et al., (2022), Hayet-Otero et al., (2023) and Rodriguez-Galiano et al., (2018). Detail description of wrapper-based model such as, recursive feature elimination (RFE), recursive feature elimination – cross validation (RFE_CV), sequential feature selector (SFS) and SHAP are as follows:
(a) RFE: RFE is one of the most comprehensive mechanisms for feature selection that identifies a subset of the most relevant features from a dataset. This iterative method starts with all features in the dataset and thereafter iteratively eliminates the least critical features until the target number is achieved. A detailed description of the RFE can be found in Awad & Fraihat, (2023) and Priyatno & Widiyaningtyas (2024).
(b) RFE_CV: CV integration with RFE provides a robust approach for feature selection. This method is easier to setup and provide high accuracy compared to others. It evaluates the performance of best dataset based on k-fold CV approach and offer most relevant features for the model. A detailed description of the RFE_CV can be found in Awad & Fraihat, (2023) and Priyatno & Widiyaningtyas, (2024).
(c) SFS: The SFS is a powerful supervised algorithmic approach for feature selection. It systematically incorporates or eliminates features from a dataset to increase the performance of a predictive model. The SFS may refer to either forward selection or backward selection. A detailed description of the SFS can be found in Shafiee et al., (2021), Thakkar & Lohiya, (2022) and Theng & Bhoyar (2024).
(d) SHAP: SHAP is a game-theoretic based method, which is widely utilized to explain the outcome of any ML model. It illustrates the impact of each feature on final predictions. Furthermore, it shows the relative importance of each feature compared to others. A detailed description of the SHAP can be found in Mosca et al. (2022) and Wang et al. (2024).
2.6 Model description
(i) Supervised learning model(s): The supervised learning models are a group of ML/AI algorithms that utilize known datasets to train models (Shi et al., 2024). Typically, the goal of this type of model is to recognize patterns and predict unseen or new data accurately (Zhou et al., 2024). In this study, 28 regression models were developed for retrieving DOX concentrations from RS products, including tree-based models (e.g., DT - Decision tree, ExDT - Extra decision trees, RF/RanF - Random Forest, PRF - Probabilistic random forest), boosting ensemble models (e.g., AdaB – Adaboost, GB - Gradient boosting, XGB - Extreme gradient boosting, CatB - Catboost, LGBM -Light gradient boosting machine), neural network models (e.g., BPNN - Back propagation neural network, MLP - Multilayer perceptron, DNN - Deep neural network, LSTM - Long short-term memory, GRU - Gated recurrent unit networks), linear with regularization regression models (e.g., BRR - Bayesian ridge regression, HM - Huber model, LARS - Least-angle regression, OMP - Orthogonal matching pursuit, RANSAC - Random sample consensus, SGD - Stochastic Gradient Descent), kernel based models (e.g., GPR - Gaussian process regression, SVM/SVR - Support vector machine, KNNR - Kernal ridge regression), and simple linear regression model (e.g., GAM - Generalize adaptive model). To enhance the performance of these models (e.g., CatB, DT, ExDT, GB, GPR, KNN, KNNR, RANSAC, RF, SVM, and XGB), the Grid search technique was utilized to optimize various hyperparameters set during model development. The selection of the Grid search approach is justified by the high-performing outcome reported in numerous water-related studies (Uddin et al., 2022a; 2022b; 2023a; 2023c; 2023d; Sajib et al., 2024b), as well as recommendations from RS-based WQ retrieval studies (Chatziantoniou et al., 2022; Guo et al., 2021; Krishnaraj & Honnasiddaiah, 2022; Peterson et al., 2020). A detailed description of the hyperparameters set before training the models can be found in the supplementary materials-5. Moreover, in order to reduce bias arising from the training period, model generalization was assessed using the cross-validation (CV = 3-5) approach. A detailed description of the utilized supervised learning model can be found as follows:
(1) Adaboost (AdaB): AdaB is a ML algorithm that combines multiple weak learners to form a strong classifier. These multiple weak learners also increase the prediction accuracy of model. The AdaB algorithm is not only popular for handling binary and multi-layered classification but also high-level likelihood. However, the key limitation of this model is its inherent sequential nature where predictor must be trained and evaluated one after another, hindered parallelization. The mathematical architecture of this model can be found in the Hornyák & Iantovics (2023).
(2) Back propagation neural network (BPNN): The BPNN is a neural networks-based ML model. It has three types of layers, namely, (i) input, (ii) output, (iii) middle layer/hidden layer. The hidden layer plays a crucial role in this model, because changing the weight values of hidden layer can affect the performance of BPNN model. The BPNN model is highly adaptable and efficient in modelling, but it requires careful system design to avoid gradient disappearing. A detailed description of this model can be found in the Wright et al. (2022).
(3) Bayesian ridge regression (BRR): BRR is an advanced statistical technique that integrates Bayesian principles to improve the conventional linear regression model. It excels in capturing and quantifying complex relationships by adjusting its model parameters to better align with the data. A detailed description of this model can be found in Imane et al. (2022). 
(4) Blending gradient boosting-random forest (BGR): Blending is an ensemble ML process that utilized several ML models power for final prediction. In this study GB and RF model were utilized for developing BGR model. 
(5) Catboost (CatB): CatB is built on gradient boosting architecture that utilized DT for supervised learning. It is well known ML model for its speed and efficiency. The advantage of this model is that it can handle all the categorical variables without extensive preprocessing. However, the model is quite larger in size compared to other models, which can often pose challenges for deployment in resource-constrained production environments. A detailed description of this model can be found in Luo et al. (2021). 
(6) Decision trees (DT): A DT is a non-parametric supervised learning algorithm. It can be utilized for both classification and regression tasks. They work by creating a hierarchical tree structure, which consist of a root node, branches, internal nodes and leaf nodes. This approach employs a recursive, top-down, greedy search to determine the best split points at each node. This divide-and-conquer methodology persists until data points are classified into a predicted value. A detailed description of this model can be found in Costa & Pedreira (2023). 
(7) Deep neural network (DNN): DNN is a type of artificial neural network characterized by several hidden layers. This makes the model more complex and resource-demanding than traditional neural networks. They utilized for variety of application and are most effective with GPU-based system to provide faster training times. A detailed description of this model can be found in Chan et al. (2023).
(8) Extra decision trees (ExDT): ExDT is type of ensemble ML mode that utilized for both regression and classification. Its build on the architecture of DT and introduces greater randomization for faster computation. Typically, ExDT constructs multiple DT and combines their predictions. They are generally faster than random forest due to the randomized splitting. A detailed description of this model can be found in Alfian et al. (2022).   
(9) Extreme gradient boosting (XGB): XGB is high performance open-source ML library. Its architecture based on GB model. It enhances the model’s overall performance by preventing overfitting problem during the training phase. It is widely utilized for its high efficiency, speed and handling large datasets. A detailed description of this model can be found in Huber et al. (2022).   
(10) Gated recurrent unit networks (GRU): GRUs are a kind of RNN that has been designed to enhance the long-term dependency management. They achieve this by utilizing gating mechanisms that controls the flow of information between hidden states of the network. Typically, GRUs employ two gates: the update gate and the reset gate. These gates allow the network to preserve relevant information and discard irrelevant details. A detailed description of this model can be found in Qian & Liu (2023).   
(11) Gaussian process regression (GPR): GPR is a Bayesian and flexible non-parametric regression technique that widely utilized in the field of ML and statistics. It offers robust outcome when handling with continuous data where underlying relationships is complex and unknown. Its architecture is based on Gaussian process and widely utilized for optimization, time series forecasting and uncertainty assessment. A detailed description of this model can be found in Deringer et al. (2021).   
(12) Generalize adaptive model (GAM): GAM is a smooth semi-parametric model for modelling relationships between variables. It improves generalized linear models by allowing non-linear functions of variables while preserving additivity. They can capture complex, non-linear patterns in the data Krstonijević (2022). 
(13) Gradient boosting (GB): The GB model is a type of ensemble supervised ML model that integrates multiple weak learners to develop a strong predictive model. Each subsequent model is trained to minimize the loss function by gradient descent in this model. Furthermore, at each iteration, this approach calculates the gradient of the loss function concerning the predictions and subsequently trains a new weak model to minimize this gradient. The predictions obtained from the new model are subsequently incorporated into the ensemble, and this procedure is repeated until a stopping requirement is met. A detailed description of this model can be found in Brophy et al. (2022).   
(14) Gradient boosting_Grid Search (GBGS): The study also utilized a gradient bosting model with grid search optimization method. This grid search optimization method thoroughly evaluated each grid for better accuracy from the model.
(15) Huber model (HM): Huber Regressor is a robust regression technique that exhibits less sensitivity to outliers than conventional linear regression. The approach is applicable when the data contains outliers. A detailed description of this model can be found in Feng & Wu (2022).    
(16) K-nearest neighbour (KNN): KNN model is a non-parametric, supervised learning classifier that use proximity to predict a particular data point. It is a widely utilized for classification and regression in ML field. The detailed mathematical architecture of this model can be found in Uddin et al. (2022c).  
(17) Kernel ridge regression (KNNR): KNNR integrates ridge regression with the kernel trick to predict a target variable. It employs a kernel function to construct a ridge regression model and offers simple computation result. The detailed mathematical architecture of this model can be found in Xu et al. (2023).  
(18) Least-angle regression (LARS): LARs is stepwise regression framework that performs basis search and regression in a less greedy manner than traditional forward selection regression. It has similar computation power as forward selection. However, it can exhibit greediness by incorporating all variables in each iteration, thereby limiting the scope of the associated predictors. A detailed description of this model can be found in Lee (2024). 
(19) Light gradient boosting machine (LGBM): LGBM is high performance tree-based ensemble learning method. It was developed by researcher from Microsoft and Peking University to address the efficiency and scalability challenges of XGB in high-dimensional feature and large dataset scenarios. It consists of exclusive feature bundling and gradient-based one-side sampling approaches. The LGBM is well known for its fast-training speed, high efficiency and accuracy. A detailed description of this model can be found in Alzamzami et al. (2020).
(20) Long short-term memory (LSTM): LSTM is a type of deep neural network which is tailored for sequential tasks, particularly adept at capturing and utilizing long-term dependencies in data. It processes data sequentially and retains a concealed state over time to capture historical knowledge. This model is suitable for time-series predictions. A detailed description of this model can be found in Huang et al. (2022).  
(21) Multilayer perceptron (MLP): MLP is a type of artificial neural network that consists of multiple layers of neurons. Typically, non-linear activation functions utilized as neurons in MLP model. This goal of these neurons is to increase the performance for handling complex data pattern. In this study ‘relu’ activation function utilized. The MLPs are crucial in ML due to their ability to learn nonlinear correlations within data, rendering them effective models for classification, regression, and pattern recognition tasks. A detailed description of this model can be found in Desai & Shah, (2021). 
(22) Orthogonal matching pursuit (OMP): OMP is a greedy algorithm designed to identify a sparse solution vector for an under-determined system of linear equations. It utilized sparse approximation approach to identify the optimal matching projection from multi-dimensional data. A detailed description of this model can be found in Śmigiel (2022).
(23) Probabilistic random forest (PRF): The PRF is a modified version of RF model that incorporates errors in both the measurements (features) and the assigned classes (labels). This approach conceptualizes features and labels as probability distribution functions instead of deterministic values. The mathematical architecture of this model can be found in Mervin et al. (2021).
(24) Random forest (RF): Random Forest is one of the most popular ML algorithms that utilized an ensemble of decision trees to develop a single model to perform regression task. The advantage of this model is that it is highly efficient at handling high-dimensional dataset. In contrast, it shows slower performance compared to other ML models and is less interpretable. Furthermore, it requires more computation memory power when dealing with high dimensional dataset. The mathematical architecture can be found in Hu & Szymczak (2023). 
(25) Random sample consensus (RANSCA): The RANSAC is one of the most popular ML algorithms that show robust performance with the presence of outliers. Typically, this model utilized when dataset contains a large amount of noisy data. This model utilized an iterative approach which randomly select a subset from samples of the data and fits a model to that subset, ignoring outliers. A detailed description of this model can be found in You & Xie (2024).   
(26) Stacked generalization (Sta-Gen): Sta-Gen which also referred to as ‘Super Learner’ is a process of integrating multiple ML/AI models and form a final predictive model. In this study GB, RF and LR were utilized in developing Sta-Gen model. The pro of this model is that it utilized multiple model strength for higher accuracy, however compared to other models it requires more computational power and time. A detailed description of this approach can be found in Kaushik et al. (2021).    
(27) Stochastic Gradient Descent (SGD): The SGD is a variant of classical gradient descent algorithm. This algorithm is widely used to handle large dataset optimization. It offers high efficiency and scalability for modelling; however, it requires a number of hyperparameters such as regularization parameter and the number of iterations for model development. Furthermore, the SGD features are sensitive scaling. A detailed description of this model can be found in Tian et al. (2023b). 
(28) Support vector machine/Support vector regression (SVM/SVR): The SVM/SVR is a powerful supervised ML model that classifies data by finding an optimal line or hyperplane. This model is widely used for classification, regression and outlier detection processes. SVM/SVR is well equipped to handle complex data and are highly efficient in high-dimensional spaces. However, this requires more computation power with larger dataset with many features. A detailed description of this model can be found in Alfian et al. (2022). 
(ii) Stacking-ensemble model(s): Stacking is an advanced ML approach that utilized the power of different standard/base regressors and subsequently fed their predictive power into a meta-learner to retrieve better performance from the model (Cui et al., 2021; Kim et al., 2023). The study utilized the “StackingRegressor” function in the Python environment to develop stacking-ensemble models. Moreover, to reduce the overfitting issue, a default cross-validation (CV = 5) was utilized during base regressor training. In this study, a total of 11 base regressor predictions (AdaB, CatB, DT, GB, GPR, KNN, MLP, LR, RF, SVM, and XGB) are combined with a meta-learner (LR model) to produce the final output. As a result, a total of 2047 stacking-ensemble models were built based on the “itertools.combinations” function (https://docs.python.org/3/library/itertools.html) in the Python environment. This tool exhaustively explores all possible combinations (via length tuples, in sorted order with no repeated combinations) of 11 base regressors to build 2047 unique stacking-ensemble models. The list of 2047 stacking-ensemble models can be found in supplementary materials-5. 
(iii) Equation model(s): A total of 14 non-linear pre-defined mathematical equation-based regression models, including quadratic, cubic, polynomial, exponential, reciprocal, sine, cosine, tangent, hyperbolic, arctan, sigmoid, power, inverse power, and equation, were used in this study. Each model was built on individual mathematical structures to capture the potential nonlinear relationship between the RS reflectance and DOX concentrations. A detailed description of these models can be found as follows: 
(1) Quadratic equation: In this study quadratic (second-degree) relationships were utilized for model development. The quadratic equations utilized in this study is defined as follows:

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of quadratic terms,  is the co-efficient of linear terms and  is the constant term. 
(2) Cubic equation: The study developed cubic equation (third-degree) model by extending the quadratic model. The cubic equations utilized in this study is defined as follows:

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of cubic terms,  is the co-efficient of quadratic terms,  is the co-efficient of linear terms and  is the constant term. 
(3) Polynomial equation: The polynomial equations utilized in this study is defined as follows:

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of polynomial terms,  is the co-efficient of cubic terms,  is the co-efficient of quadratic terms and  is the co-efficient of linear terms and  is the constant term. 
(4) Exponential equation: The exponential equations utilized in this study is defined as follows:

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of exponential terms,  is the co-efficient inside the exponential terms,  is the co-efficient of linear terms,  is the base of the natural logarithm and  is constant term. 
(5) Reciprocal equation: The reciprocal equations utilized in this study is defined as follows:

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the numerator co-efficient for the reciprocal terms,  denominator shift coefficients for the reciprocal terms,  is the co-efficient of linear terms,  is the constant term and  = 1*10-10 (A small constant added to the denominator to prevent division by zero)
(6) Sine equation: The sine equations utilized in this study is defined as follows: 

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of sine terms,  is the co-efficient inside the sine function,  is the co-efficient of linear terms, and  is constant term.
(7) Cosine equation: The cosine equations utilized in this study is defined as follows: 

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of cosine terms,  is the co-efficient inside the cosine function,  is the co-efficient of linear terms, and  is constant term.
(8) Tangent equation: The tangent equations utilized in this study is defined as follows: 

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of tangent terms,  is the co-efficient inside the tangent function,  is the co-efficient of linear terms, and  is constant term.
(9) Hyperbolic equation: The hyperbolic equations utilized in this study is defined as follows: 

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of hyperbolic terms,  is the co-efficient inside the hyperbolic function,  is the co-efficient of linear terms, and  is constant term.
(10) Arctan equation: The arctan equations utilized in this study is defined as follows:

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of arctan terms,  is the co-efficient inside the arctan function,  is the co-efficient of linear terms, and  is constant term.
(11) Sigmoid equation: The sigmoid equations utilized in this study is defined as follows:

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of sigmoid terms,  is the co-efficient inside the exponential,  is the co-efficient of linear terms,  is the base of the natural logarithm and  is constant term.
(12) Power equation: The power equations utilized in this study is defined as follows:

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of power terms,  is the exponents of power terms,  is the co-efficient of linear terms and  is the constant term. 
(13) Inverse power equation: The inverse power equations utilized in this study is defined as follows:

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient of inverse power terms,  is the exponents of inverse power terms,  is the co-efficient of linear terms and  is the constant term. 
(14) Rational equation: The rational equations utilized in this study is defined as follows:

where n is the number of features that varies between 3 to 7,   is the i-th feature,  is the co-efficient for the numerator’s linear terms,  is the constant terms in the numerator,  is the coefficients for the denominators linear term,  constat terms in the denominator and  is the co-efficient of linear terms and  is the constant term and  = 1*10-10 (A small constant added to the denominator to prevent division by zero)
(iv) Voting-based ensemble model(s): This study utilized the “VotingRegressor” function in a Python environment to develop nine voting-based ensemble models using 7 base regressors (e.g., CatB, GPR, KNN, MLP, RF, SVM, and XGB). Typically, this technique utilized multiple base regressor models to develop an ensemble meta-estimator that averages (via the weighted averaging method) the outcome of all base models (Nafsin & Li, 2022). The selected pairings were chosen based on the result of the individual performance of the base regressors during the initial training of the dataset. The initial result of each base regressor of the voting-based ensemble model can be found in the supplementary materials-3. The base regressors hyperparameters were optimized using the Optuna optimizer (via 100 trials) before using the “VotingRegressor” function. The hyperparameter settings for different models can be found in the supplementary materials-5. The selection of Optuna is justified by the outcome of various studies done by authors (Khan et al., 2025; Uddin et al., 2025b), as well as to reduce computation time. Moreover, overfitting in voting-based ensemble models is reduced through regularized hyperparameter search (e.g., reg_alpha/reg_lambda, max depth, max_iter, gamma, kernel, and learning rate) and ensemble averaging (Hastie et al., 2009). The goal of the voting-based ensemble model utilized in this study is to reduce the overfitting issues and improve accuracy with the new dataset. However, like stacking-ensemble methods, the voting-based ensemble models require high computation power (Nafsin & Li, 2022; Xu et al., 2023). The combinations of nine voting-based ensemble models can be found in supplementary materials-5. 
(v) Statistical model: The study also adopted the three widely utilized statistical regression models, including Principal Component Regression (PCR), Partial Least Squares Regression (PLS), and Ordinary Least Squares Regression (OLS), for retrieving DOX from the RS data. The selection of these models is justified by prior research on DOX retrieval using RS data (Batur & Maktav, 2019; Karaoui et al., 2019; Yue et al., 2024) and their simple interpretability, as well as their handling of multicollinearity issues (which are inherent in RS data) (Abdi et al., 2010; Hastie et al., 2009; Thenkabail et al., 2019). To mitigate the overfitting issue in these models, a train-test split was implemented to ensure that model evaluation was performed on unseen data. A detailed description of these models can be found as follows:
(1) Principal components regression (PCR): PCR is a two-stage regression model. Initially, Principal component analysis (PCA) was used to transform the training data, which was done completely unsupervised, possibly performing dimensionality reduction. Subsequently, a regression model, such as linear regression, is fitted to the transformed data. Consequently, PCR often failed to achieve accuracy with datasets where the where the target is strongly correlated with other variables. A detailed description of this model can be found in Monteiro et al. (2021). 
(2) Ordinary least squares (OLS): OLS is a widely utilized statistical approach for estimating the relationship between independent and dependent values. Its optimization techniques find the fitting line as close to observed and predicted values by minimizing the sum of squared residuals. A detailed description of this model can be found in Mahanty et al. (2021). 
(3) Partial least squares regression (PLS): PLS is a ML method that integrates the advantages of integrating principal component analysis, correlation analysis, and linear regression. It works by projecting both predictor and response variable into lower-dimensional latent space. A detailed description of this model can be found in Burnett et al. (2021). 
2.6 Model performance assessment
In this research, RMSE (root mean square error) is utilized to evaluate the difference between actual and retrieved values; MSE (mean square error) calculates the mean square difference between retrieved and actual values in a given dataset; MAE (mean absolute error) provides a precise prediction accuracy by measuring how far retrieved values deviate from true values; and PABE (percentage of absolute bias error) measures the relative deviation of retrieved values from the true value. The selection of these metrics is justified by their comprehensive evaluation characteristics and distinct perspective for evaluating model performance based on the model goals and data structure (Sajib et al., 2024a; Uddin et al., 2024). Moreover, the selection of these evaluation metrics is based on prior research conducted by authors (Uddin et al., 2022a; 2022b; Sajib et al., 2024a) and is recommended by the results of various RS-based WQ retrieving studies (Chatziantoniou et al., 2022; Dong et al., 2024; Gao et al., 2024). A low value (close to ‘0’) for these metrics indicates higher accuracy. These metrics are widely utilized in the fields of engineering, medicine, water-related research, and the RS field to evaluate ML/AI model performance (Diganta et al., 2025; Gutknecht et al., 2019; Moutzouris-Sidiris & Topouzelis, 2021).
2.10 Geospatial mapping and statistical analysis
The EBK (Empirical Bayesian Kriging) approach is a geostatistical interpolation method that integrates kriging with regression analysis to show the distribution of a particular object (Gribov & Krivoruchko, 2020). In contrast, the unclassed symbology approach shows a distribution of objects that are evenly distributed across features (ESRI n.d.). The number of matched sites dictated the use of EBK for modelled data, while the unclassed symbology approach was dictated for the EPA data. A major advantage of these approaches is that they visually help readers understand the distribution of objects (Peterson et al., 2020). However, there are certain drawbacks associated with using EBK, such as that they require more computation time and have limited customization options (Uddin et al., 2023d). Several studies have used a similar approach in their research (Kwong et al., 2022; Sharaf El Din et al., 2017). A detailed description of this technique can be found in Uddin et al. (2023d).
Additionally, the Spearman rank correlation was utilized to understand the relationship between DOX and Rhow bands, following the data distribution test (non-normal test using the Shapiro-Wilk statistics). Furthermore, spatial autocorrelation (with a p-value < 0.05) in EPA and modelled DOX measurements was assessed using the Global Moran’s I statistic for datasets utilized in this study (2016-2021, 2022, and 2023). It is a well-established and widely used statistic for assessing the spatial autocorrelation in the field of environmental science, crime analysis, and public health (Isazade et al., 2023; Liu et al., 2022b; Torbick et al., 2014). Additionally, the Mann-Whitney U test (with a p-value < 0.05) was applied to evaluate the statistical differences between EPA-sourced and modelled-derived DOX measurements. A detailed description of these statistics can be found in Isazade et al. (2023) and Zar (2005). Apart from this, the study also utilized the Mann-Kendall statistic to assess the monotonic temporal trends in the utilized datasets. This is widely used and a well-established statistic in the field of environmental studies to detect trends in time series data (Coccia & Roshani, 2024; Uddin et al., 2023e). 

[image: A group of graphs with numbers and numbers

AI-generated content may be incorrect.]
Fig. S1. Statistical summary of DOX concentration utilized in this study for S3-OLCI based retrieved model development and validation, where L3 and L4 on the x-axis refer to Level 3 and Level 4 data, respectively.  
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Fig. S2. Statistical summary of DOX concentration utilized in this study for MS based retrieved model development and validation, where L3 and L4 on the x-axis refer to Level 3 and Level 4 data, respectively.  
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Fig. S3. Spatial distribution of S3-OLCI matchup DOX (mg/L) measurements for 2022 dataset. 
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Fig. S4. Spatial distribution of S3-OLCI matchup DOX (mg/L) measurements for 2023 dataset. 
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Fig. S5. Spatial distribution of MS matchup DOX (mg/L) measurements for 2022 dataset. 
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Fig. S6. Spatial distribution of MS matchup DOX (mg/L) measurements for 2023 dataset.
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Table S3.  Moran’s I comparison across all bands for S3-OLCI products with EPA and modelled matchup. (Here Level 3 – L3, Level 4 – L4) 
	Study period
	Data level
	Band
	EPA (N)
	Model (N)
	EPA (mean)
	EPA (SD)
	Model (mean)
	Model (SD)
	EPA (Moran's I)
	EPA (p-value)
	Model (Moran's I)
	Model (p-value)

	2016-2021
	L3
	Rhow_1
	289
	6466
	0.014
	0.003
	0.015
	0.002
	0.412
	0.001
	0.584
	0.001

	
	
	Rhow_2
	289
	6466
	0.013
	0.003
	0.014
	0.002
	0.478
	0.001
	0.607
	0.001

	
	
	Rhow_3
	289
	6466
	0.013
	0.005
	0.013
	0.003
	0.641
	0.001
	0.789
	0.001

	
	
	Rhow_4
	289
	6466
	0.017
	0.008
	0.015
	0.006
	0.785
	0.001
	0.869
	0.001

	
	
	Rhow_5
	289
	6466
	0.020
	0.009
	0.015
	0.006
	0.798
	0.001
	0.860
	0.001

	
	
	Rhow_6
	289
	6466
	0.026
	0.012
	0.014
	0.008
	0.789
	0.001
	0.812
	0.001

	
	
	Rhow_7
	289
	6466
	0.018
	0.012
	0.005
	0.005
	0.742
	0.001
	0.644
	0.001

	
	
	Rhow_8
	289
	6466
	0.014
	0.011
	0.003
	0.004
	0.712
	0.001
	0.513
	0.001

	
	
	Rhow_9
	289
	6466
	0.014
	0.011
	0.003
	0.004
	0.730
	0.001
	0.548
	0.001

	
	
	Rhow_10
	289
	6466
	0.014
	0.011
	0.003
	0.004
	0.727
	0.001
	0.537
	0.001

	
	
	Rhow_11
	289
	6466
	0.014
	0.011
	0.002
	0.003
	0.641
	0.001
	0.326
	0.001

	2022
	L3
	Rhow_1
	214
	6495
	0.013
	0.003
	0.015
	0.002
	0.376
	0.001
	0.487
	0.001

	
	
	Rhow_2
	214
	6495
	0.012
	0.003
	0.014
	0.002
	0.470
	0.001
	0.482
	0.001

	
	
	Rhow_3
	214
	6495
	0.013
	0.005
	0.013
	0.003
	0.636
	0.001
	0.650
	0.001

	
	
	Rhow_4
	214
	6495
	0.018
	0.007
	0.016
	0.005
	0.758
	0.001
	0.780
	0.001

	
	
	Rhow_5
	214
	6495
	0.020
	0.008
	0.016
	0.005
	0.759
	0.001
	0.779
	0.001

	
	
	Rhow_6
	214
	6495
	0.026
	0.011
	0.015
	0.007
	0.718
	0.001
	0.721
	0.001

	
	
	Rhow_7
	214
	6495
	0.017
	0.011
	0.005
	0.004
	0.652
	0.001
	0.508
	0.001

	
	
	Rhow_8
	214
	6495
	0.014
	0.010
	0.003
	0.003
	0.646
	0.001
	0.414
	0.001

	
	
	Rhow_9
	214
	6495
	0.013
	0.010
	0.003
	0.003
	0.642
	0.001
	0.407
	0.001

	
	
	Rhow_10
	214
	6495
	0.013
	0.010
	0.003
	0.003
	0.640
	0.001
	0.396
	0.001

	
	
	Rhow_11
	214
	6495
	0.013
	0.011
	0.002
	0.003
	0.573
	0.001
	0.219
	0.001

	2023
	L3
	Rhow_1
	179
	6495
	0.014
	0.004
	0.015
	0.002
	0.464
	0.001
	0.422
	0.001

	
	
	Rhow_2
	179
	6495
	0.013
	0.004
	0.013
	0.002
	0.441
	0.001
	0.468
	0.001

	
	
	Rhow_3
	179
	6495
	0.012
	0.004
	0.012
	0.003
	0.527
	0.001
	0.717
	0.001

	
	
	Rhow_4
	179
	6495
	0.016
	0.007
	0.014
	0.006
	0.719
	0.001
	0.838
	0.001

	
	
	Rhow_5
	179
	6495
	0.018
	0.008
	0.014
	0.007
	0.752
	0.001
	0.835
	0.001

	
	
	Rhow_6
	179
	6495
	0.025
	0.011
	0.013
	0.008
	0.785
	0.001
	0.786
	0.001

	
	
	Rhow_7
	179
	6495
	0.018
	0.011
	0.005
	0.005
	0.705
	0.001
	0.584
	0.001

	
	
	Rhow_8
	179
	6495
	0.015
	0.011
	0.003
	0.004
	0.692
	0.001
	0.490
	0.001

	
	
	Rhow_9
	179
	6495
	0.015
	0.011
	0.003
	0.004
	0.687
	0.001
	0.482
	0.001

	
	
	Rhow_10
	179
	6495
	0.015
	0.011
	0.003
	0.004
	0.682
	0.001
	0.472
	0.001

	
	
	Rhow_11
	179
	6495
	0.015
	0.011
	0.002
	0.003
	0.595
	0.001
	0.271
	0.001

	2016-2021
	L4
	Rhow_1
	289
	6466
	0.012
	0.003
	0.013
	0.002
	0.437
	0.001
	0.542
	0.001

	
	
	Rhow_2
	289
	6466
	0.011
	0.003
	0.013
	0.002
	0.487
	0.001
	0.577
	0.001

	
	
	Rhow_3
	289
	6466
	0.013
	0.005
	0.013
	0.003
	0.667
	0.001
	0.782
	0.001

	
	
	Rhow_4
	289
	6466
	0.017
	0.008
	0.015
	0.006
	0.787
	0.001
	0.868
	0.001

	
	
	Rhow_5
	289
	6466
	0.020
	0.009
	0.015
	0.006
	0.797
	0.001
	0.860
	0.001

	
	
	Rhow_6
	289
	6466
	0.026
	0.012
	0.014
	0.009
	0.789
	0.001
	0.813
	0.001

	
	
	Rhow_7
	289
	6466
	0.017
	0.012
	0.005
	0.005
	0.747
	0.001
	0.653
	0.001

	
	
	Rhow_8
	289
	6466
	0.014
	0.011
	0.003
	0.004
	0.725
	0.001
	0.528
	0.001

	
	
	Rhow_9
	289
	6466
	0.014
	0.011
	0.003
	0.004
	0.737
	0.001
	0.570
	0.001

	
	
	Rhow_10
	289
	6466
	0.013
	0.011
	0.003
	0.004
	0.734
	0.001
	0.558
	0.001

	
	
	Rhow_11
	289
	6466
	0.013
	0.011
	0.002
	0.003
	0.645
	0.001
	0.338
	0.001

	2022
	L4
	Rhow_1
	214
	6495
	0.012
	0.004
	0.014
	0.003
	0.414
	0.001
	0.462
	0.001

	
	
	Rhow_2
	214
	6495
	0.011
	0.004
	0.013
	0.003
	0.433
	0.001
	0.465
	0.001

	
	
	Rhow_3
	214
	6495
	0.012
	0.005
	0.013
	0.003
	0.606
	0.001
	0.638
	0.001

	
	
	Rhow_4
	214
	6495
	0.016
	0.008
	0.015
	0.005
	0.753
	0.001
	0.778
	0.001

	
	
	Rhow_5
	214
	6495
	0.019
	0.009
	0.015
	0.005
	0.762
	0.001
	0.779
	0.001

	
	
	Rhow_6
	214
	6495
	0.025
	0.012
	0.014
	0.007
	0.754
	0.001
	0.720
	0.001

	
	
	Rhow_7
	214
	6495
	0.017
	0.012
	0.005
	0.004
	0.671
	0.001
	0.515
	0.001

	
	
	Rhow_8
	214
	6495
	0.013
	0.011
	0.003
	0.003
	0.662
	0.001
	0.427
	0.001

	
	
	Rhow_9
	214
	6495
	0.013
	0.011
	0.003
	0.003
	0.660
	0.001
	0.421
	0.001

	
	
	Rhow_10
	214
	6495
	0.013
	0.011
	0.003
	0.003
	0.657
	0.001
	0.410
	0.001

	
	
	Rhow_11
	214
	6495
	0.013
	0.012
	0.002
	0.002
	0.576
	0.001
	0.223
	0.001

	2023
	L4
	Rhow_1
	179
	6493
	0.012
	0.004
	0.013
	0.003
	0.489
	0.001
	0.405
	0.001

	
	
	Rhow_2
	179
	6493
	0.011
	0.004
	0.012
	0.003
	0.455
	0.001
	0.455
	0.001

	
	
	Rhow_3
	179
	6493
	0.012
	0.005
	0.012
	0.004
	0.541
	0.001
	0.711
	0.001

	
	
	Rhow_4
	179
	6493
	0.015
	0.007
	0.014
	0.006
	0.724
	0.001
	0.837
	0.001

	
	
	Rhow_5
	179
	6493
	0.018
	0.008
	0.014
	0.007
	0.756
	0.001
	0.835
	0.001

	
	
	Rhow_6
	179
	6493
	0.025
	0.011
	0.013
	0.008
	0.787
	0.001
	0.786
	0.001

	
	
	Rhow_7
	179
	6493
	0.018
	0.011
	0.005
	0.005
	0.709
	0.001
	0.590
	0.001

	
	
	Rhow_8
	179
	6493
	0.015
	0.011
	0.003
	0.004
	0.689
	0.001
	0.503
	0.001

	
	
	Rhow_9
	179
	6493
	0.014
	0.011
	0.003
	0.004
	0.689
	0.001
	0.496
	0.001

	
	
	Rhow_10
	179
	6493
	0.014
	0.011
	0.003
	0.004
	0.686
	0.001
	0.485
	0.001

	
	
	Rhow_11
	179
	6493
	0.015
	0.011
	0.002
	0.003
	0.591
	0.001
	0.277
	0.001



Table S4.  Moran’s I comparison across all bands for MS products with EPA and modelled matchup. (Here Level 3 – L3, Level 4 – L4)
	Study period
	Data level
	Band
	EPA (N)
	Model (N)
	EPA (mean)
	EPA (SD)
	Model (mean)
	Model (SD)
	EPA (Moran's I)
	EPA (p-value)
	Model (Moran's I)
	Model (p-value)

	2016-2021
	L3
	Rhow_1
	149
	6003
	0.017
	0.004
	0.013
	0.003
	0.475
	0.001
	0.720
	0.001

	
	
	Rhow_2
	149
	6003
	0.019
	0.004
	0.014
	0.003
	0.528
	0.001
	0.787
	0.001

	
	
	Rhow_3
	149
	6003
	0.024
	0.005
	0.016
	0.006
	0.678
	0.001
	0.811
	0.001

	
	
	Rhow_4
	149
	6003
	0.025
	0.006
	0.016
	0.006
	0.728
	0.001
	0.805
	0.001

	
	
	Rhow_5
	149
	6003
	0.029
	0.009
	0.014
	0.008
	0.801
	0.001
	0.781
	0.001

	
	
	Rhow_6
	149
	6003
	0.008
	0.004
	0.003
	0.003
	0.707
	0.001
	0.733
	0.001

	2022
	L3
	Rhow_1
	117
	5890
	0.017
	0.005
	0.014
	0.003
	0.210
	0.003
	0.604
	0.001

	
	
	Rhow_2
	117
	5890
	0.018
	0.004
	0.014
	0.003
	0.218
	0.001
	0.666
	0.001

	
	
	Rhow_3
	117
	5890
	0.023
	0.005
	0.017
	0.004
	0.308
	0.001
	0.714
	0.001

	
	
	Rhow_4
	117
	5890
	0.025
	0.005
	0.016
	0.005
	0.432
	0.001
	0.716
	0.001

	
	
	Rhow_5
	117
	5890
	0.028
	0.007
	0.014
	0.006
	0.653
	0.001
	0.704
	0.001

	
	
	Rhow_6
	117
	5890
	0.008
	0.004
	0.002
	0.002
	0.494
	0.001
	0.642
	0.001

	2023
	L3
	Rhow_1
	95
	5890
	0.016
	0.003
	0.012
	0.003
	0.542
	0.001
	0.850
	0.001

	
	
	Rhow_2
	95
	5890
	0.017
	0.003
	0.013
	0.004
	0.609
	0.001
	0.861
	0.001

	
	
	Rhow_3
	95
	5890
	0.022
	0.004
	0.014
	0.006
	0.686
	0.001
	0.882
	0.001

	
	
	Rhow_4
	95
	5890
	0.025
	0.005
	0.014
	0.006
	0.707
	0.001
	0.877
	0.001

	
	
	Rhow_5
	95
	5890
	0.029
	0.007
	0.013
	0.008
	0.738
	0.001
	0.857
	0.001

	
	
	Rhow_6
	95
	5890
	0.008
	0.005
	0.002
	0.003
	0.466
	0.001
	0.801
	0.001

	2016-2021
	L4
	Rhow_1
	134
	6258
	0.011
	0.003
	0.012
	0.002
	0.787
	0.001
	0.767
	0.001

	
	
	Rhow_2
	134
	6258
	0.013
	0.005
	0.013
	0.004
	0.853
	0.001
	0.864
	0.001

	
	
	Rhow_3
	134
	6258
	0.017
	0.008
	0.015
	0.006
	0.859
	0.001
	0.897
	0.001

	
	
	Rhow_4
	134
	6258
	0.021
	0.011
	0.014
	0.008
	0.789
	0.001
	0.863
	0.001

	
	
	Rhow_5
	134
	6258
	0.008
	0.008
	0.003
	0.003
	0.569
	0.001
	0.774
	0.001

	2022
	L4
	Rhow_1
	110
	6253
	0.012
	0.003
	0.013
	0.002
	0.797
	0.001
	0.572
	0.001

	
	
	Rhow_2
	110
	6253
	0.014
	0.004
	0.014
	0.002
	0.827
	0.001
	0.695
	0.001

	
	
	Rhow_3
	110
	6253
	0.018
	0.006
	0.016
	0.004
	0.807
	0.001
	0.780
	0.001

	
	
	Rhow_4
	110
	6253
	0.022
	0.009
	0.014
	0.006
	0.699
	0.001
	0.760
	0.001

	
	
	Rhow_5
	110
	6253
	0.008
	0.008
	0.003
	0.002
	0.551
	0.001
	0.563
	0.001

	2023
	L4
	Rhow_1
	74
	6246
	0.010
	0.003
	0.010
	0.002
	0.612
	0.001
	0.628
	0.001

	
	
	Rhow_2
	74
	6246
	0.012
	0.004
	0.011
	0.003
	0.682
	0.001
	0.742
	0.001

	
	
	Rhow_3
	74
	6246
	0.016
	0.007
	0.013
	0.006
	0.713
	0.001
	0.793
	0.001

	
	
	Rhow_4
	74
	6246
	0.022
	0.010
	0.012
	0.008
	0.611
	0.001
	0.783
	0.001

	
	
	Rhow_5
	74
	6246
	0.008
	0.007
	0.002
	0.003
	0.194
	0.001
	0.677
	0.001



Table S5. Matchup statistics (in percent) for S3-OLCI and MS product(s) with EPA and modelled DOX across Irish TrC waters.
	Data type/
Outlier method
	2016-2021
	2022
	2023
	Average data retained
	Remarks

	
	S3-OLCI
(L3 & L4)
	MS
(L3 & L4)
	S3-OLCI
(L3 & L4)
	MS
(L3 & L4)
	S3-OLCI
(L3 & L4)
	MS
(L3 & L4)
	
	

	EPA dataset
	
	

	Z-score
	96.02
	94.74
	94.86
	95.59
	96.37
	95.49
	95.51
	Moderate removal

	MoD-Z
	70.42
	83.59
	90.19
	84.37
	92.74
	71.67
	82.16
	Strong filtering

	LoF
	94.81
	94.7
	94.86
	94.71
	94.97
	94.67
	94.79
	Balance removal

	IsoF
	94.81
	94.7
	94.86
	94.71
	94.97
	94.67
	94.79
	Similar to LoF

	Modelled dataset

	Z-score
	95.28
	96.00
	94.7
	94.88
	94.21
	94.96
	95
	Moderate removal

	MoD-Z
	80.14
	88.84
	82.29
	89.01
	81.19
	86.08
	84.59
	Strong filtering

	LoF
	94.99
	95
	95
	95.01
	95
	95.01
	95
	Balance removal

	IsoF
	94.99
	95
	95
	95.01
	95
	95
	95
	Similar to LoF



Table S6. Summary of best performing dataset based on various outlier method with supervised machine learning models. (with 95% confidence interval with 2000 iterations; MoDZ = modified Zscore, Lof = Local outlier factor, IsoF = Isolation Forest, CI = confidence interval)
	Sentinel-3 OLCI - Level 4 - EPA DOX

	Data type
	R2 Train
	Rank
	R2 Test
	Rank
	MSE Train
	Rank
	MSE test
	Rank
	RMSE train
	Rank
	RMSE test
	Rank
	MAE train
	Rank
	MAE test
	Rank
	PABE train
	Rank
	PABE test
	Rank
	Total
	Rank
	Best Model

	Zscore
	0.98
(CI: 0.95-1) 
	2
	0.27
(CI: 0.1-0.38) 
	2
	0
(CI: 0-0.01)
	1
	0.11
(0.05- 0.19)
	3
	0.05
(0.02-0.07)
	1
	0.33
(0.21-0.44)
	3
	0.01 
(CI: 0-0.01)

	1
	0.23
(CI: 0.17-0.3)
	4
	0.07
(CI: 0.02-0.14)
	1
	2.21
(1.68-2.82)
	4
	22
	1
	KNN

	MoDZ
	0.88
(CI: 0.81-0.93)
	4
	0.35
(CI: -0.20-0.56)
	1
	0.01
(CI: 0.01-0.01)
	4
	0.04
(CI: 0.02-0.06)
	1
	0.10
(CI: 0.07-0.12)
	4
	0.19
(CI: 0.15-0.24)
	1
	0.07
(CI: 0.06-0.08)
	4
	0.15
(CI: 0.11-0.2)
	1
	0.68
(CI: 0.56-0.81)
	4
	1.52
(CI: 1.1-1.99)
	1
	25
	2
	BGR

	LoF
	0.92
(CI: 0.89-0.94)
	3
	0.16
(CI: -0.14-0.37)
	3
	0.01
(CI: 0.01-0.01)
	3
	0.05
(CI: 0.03-0.07)
	2
	0.08
(CI: 0.07-0.09)
	3
	0.22
(CI: 0.17-0.26)
	2
	0.06
(CI: 0.05-0.06)
	3
	0.16
(CI: 0.13-0.2)
	2
	0.55
(CI: 0.47-0.63
	3
	1.61
(CI: 1.27-2)
	2
	26
	3
	RF

	IsoF
	0.99
(CI: 0.97-1)
	1
	0.10
(CI: -0.54-0.29)
	4
	0.00
(CI: 0-0.01)
	2
	0.13
(CI: 0.04-0.25)
	4
	0.05
(CI: 0.02-0.08)
	2
	0.36
(CI: 0.21-0.5)
	4
	0.01
(CI: 0-0.02)
	2
	0.22
(CI: 0.15-0.3)
	3
	0.09
(CI: 0.03-0.16
	 2
	2.16
(CI: 1.44-3.02)
	3
	27
	4
	KNN

	Sentinel-3 OLCI - Level 3 - EPA DOX
	 

	Zscore
	0.99
(CI: 0.98-1)
	1
	0.08
(CI: -0.12-0.27)
	4
	0.00
(CI: 0-0)
	1
	0.12
(CI: 0.05-0.23)
	4
	0.03
(CI: 0.01-0.05)
	1
	0.35
(CI: 0.22-0.48)
	4
	0.01
(CI: 0-0.01)
	1
	0.23
(CI: 0.17-0.31)
	4
	0.05
(CI: 0.02-0.1)
	1
	2.24
(CI: 1.66-2.92)
	4
	25
	2
	KNN

	MoDZ
	0.61
(CI: 0.55-0.66)
	3
	0.23
(CI: 0.04-0.37)
	1
	0.03
(CI: 0.03-0.02)
	3
	0.07
(CI: 0.07-0.04)
	2
	0.18
(CI: 0.15-0.2)
	3
	0.27
(CI: 0.21-0.32)
	2
	0.13
(CI: 0.11-0.14)
	3
	0.20
(CI: 0.16-0.25)
	3
	1.27 
(CI: 1.11-1.43)
	3
	2
(CI: 1.56-2.47)
	2
	25
	2
	RF

	LoF
	0.87
(CI: 0.85-0.89)
	2
	0.21
(CI: -0.04-0.37)
	2
	0.01
(CI: 0.01-0.01)
	2
	0.06
(CI: 0.04-0.09)
	1
	0.1 
(CI: 0.09-0.11)
	2
	0.25
(CI: 0.19-0.31)
	1
	0.07
(CI: 0.07-0.08)
	2
	0.18
(CI: 0.14-0.23)
	1
	0.73
(CI: 0.65-0.82)
	2
	1.82
(CI: 1.43-2.27)
	1
	16
	1
	BGR

	IsoF
	0.49
(CI: 0.17-0.82)
	4
	0.16
(CI: -0.07-0.32)
	3
	0.19
(CI: 0.07-0.4)
	4
	0.12
(CI: 0.04-0.25)
	3
	0.43
(CI: 0.26-0.63)
	4
	0.35
(CI: 0.19-0.5)
	3
	0.23
(CI: 0.18-0.28)
	4
	0.2
(CI: 0.14-0.28)
	2
	2.44
(CI: 1.82-3.41)
	4
	2.04
(CI: 1.36-2.9)
	3
	34
	4
	AdaB

	Multi-sensor - Level 4 - EPA DOX
	 

	Zscore
	0.53
(CI: 0.39-0.64)
	3
	-0.08
(CI: -0.45-0.11)
	4
	0.03
(CI: 0.02-0.04)
	3
	0.08
(CI: 0.04-0.13)
	4
	0.17
(CI: 0.13-0.2)
	3
	0.28
(CI: 0.2-0.37)
	4
	0.12
(CI: 0.09-0.14)
	3
	0.22
(CI: 0.15-0.29)
	4
	1.13
(CI: 0.91-1.36)
	3
	2.12
(CI: 1.47-2.83)
	4
	35
	3
	RF

	MoDZ
	0.42
(CI: 0.29-0.53)
	4
	0.04
(CI: -0.46-0.34)
	3
	0.03
(CI: 0.02-0.04)
	4
	0.06
(CI: 0.03-0.09)
	3
	0.17
(CI: 0.14-0.21)
	4
	0.24
(CI: 0.18-0.3)
	3
	0.12
(CI: 0.1-0.14)
	4
	0.2
(CI: 0.15-0.25)
	3
	1.18
(CI: 0.93-1.41)
	4
	1.99
(CI: 1.49-2.53)
	3
	35
	3
	RF

	LoF
	0.83
(CI: 0.73-0.91)
	2
	0.31
(CI: -0.08-0.58)

	2
	0.01
(CI: 0-0.01)
	1
	0.05
(CI: 0.03-0.09)
	2
	0.09
(CI: 0.06-0.11)
	1
	0.23
(CI: 0.17-0.3)
	2
	0.05
(CI: 0.04-0.07)
	1
	0.18
(CI: 0.12-0.23)
	2
	0.54
(CI: 0.42-0.68)
	1
	1.74
(CI: 1.22-2.32)
	2
	16
	2
	GB

	IsoF
	0.85
(CI: 0.69-0.94)
	1
	0.55
(CI: -0.08-0.78)

	1
	0.01
(CI: 0.01-0.02)
	2
	0.03
(CI: 0.02-0.05)
	1
	0.12
(CI: 0.07-0.16)
	2
	0.17
(CI: 0.13-0.21)
	1
	0.07
(CI: 0.05-0.09)
	2
	0.14
(CI: 0.1-0.14)
	1
	0.67
(CI: 0.5-0.87)
	2
	1.36
(CI: 0.95-1.78)
	1
	14
	1
	GB

	Multi-sensor - Level 3 - EPA DOX
	 

	Zscore
	0.62
(CI: 0.45-0.76)
	3
	0.20
(CI: -0.22-0.53)
	3
	0.04
(CI: 0.02-0.06)
	2
	0.09
(CI: 0.03-0.19)
	4
	0.2
(CI: 0.15-0.25)
	2
	0.31
(CI: 0.17-0.43)
	4
	0.13
(CI: 0.11-0.16)
	3
	0.21
(CI: 0.14-0.3)
	4
	1.3
(CI: 1.03-1.57)
	3
	2.01
(CI: 1.34-2.83)
	4
	32
	4
	PRF

	MoDZ
	0.19
(CI: 0-0.33)
	4
	0.1
(CI: -0.63-0.48)
	4
	0.08
(CI: 0.05-0.11)
	4
	0.05
(CI: 0.02-0.09)
	1
	0.28
(CI: 0.23-0.33)
	4
	0.21
(CI: 0.13-0.31)
	1
	0.21
(CI: 0.17-0.25)
	4
	0.16
(CI: 0.1-0.23)
	1
	2.04
(CI: 1.7-2.45)
	4
	1.49
(CI: 0.99-2.14)
	1
	28
	3
	BPNN

	LoF
	0.7
(CI: 0.53-0.84)
	1
	0.35
(CI: -0.08-0.69)
	2
	0.03
(CI: 0.01-0.04)
	1
	0.07
(CI: 0.02-0.14)
	2
	0.16
(CI: 0.11-0.21)
	1
	0.27
(CI: 0.16-0.38)
	2
	0.09
(CI: 0.06-0.11)
	1
	0.19
(CI: 0.12-0.26)
	2
	0.84
(CI: 0.6-1.11)
	1
	1.82
(CI: 1.22-2.58)
	2
	15
	1
	KNN

	IsoF
	0.67
(CI: 0.47-0.84)
	2
	0.51
(CI: 0.14-0.67)
	1
	0.04
(CI: 0.02-0.07)
	3
	0.09
(CI: 0.04-0.15)
	3
	0.2
(CI: 0.14-0.26)
	3
	0.29
(CI: 0.19-0.39)
	3
	0.1
(CI: 0.07-0.13)
	2
	0.2
(CI: 0.12-0.29)
	3
	1
(CI: 0.71-1.31)
	2
	1.93
(CI: 1.18-2.8)
	3
	25
	2
	KNN

	Sentinel-3 OLCI - Level 4 - Modelled DOX
	 

	Zscore
	1
(CI: 1-1)
	4
	0.84
(CI: 0.81-0.86)
	4
	0
(CI: 0-0)
	4
	0
(CI: 0-0)
	3
	0
(CI: 0-0)
	4
	0.04
(CI: 0.04-0.05)
	3
	0
(CI: 0-0)
	4
	0.03
(CI: 0.03-0.03)
	4
	0
(CI: 0-0)
	4
	0.31
(CI: 0.29-0.33)
	4
	38
	4
	ExDT

	MoDZ
	1
(CI: 1-1)
	3
	0.89
(CI: 0.87-0.9)
	1
	0
(CI: 0-0)
	3
	0.00
(CI: 0-0)
	1
	0.00
(CI: 0-0)
	3
	0.03
(CI: 0.03-0.04)
	1
	0
(CI: 0-0)
	3
	0.02
(CI: 0.02-0.03)
	1
	0.01
(CI: 0.01-0.01)
	3
	0.27
(CI: 0.26-0.29)
	1
	20
	2
	ExDT

	LoF
	1
(CI: 1-1)
	1
	0.85
(CI: 0.82-0.87)
	3
	0
(CI: 0-0)
	1
	0
(CI: 0-0)
	4
	0
(CI: 0-0)
	1
	0.04
(CI: 0.04-0.05)
	4
	0
(CI: 0-0)
	1
	0.03
(CI: 0.03-0.03)
	3
	0
(CI: 0-0)
	1
	0.31
(CI: 0.29-0.34)
	3
	22
	3
	KNN

	IsoF
	1
(CI: 1-1)
	1
	0.85
(CI: 0.82-0.87)
	2
	0
(CI: 0-0)
	1
	0
(CI: 0-0)
	2
	0.00
(CI: 0-0)
	1
	0.04
(CI: 0.04-0.05)
	2
	0
(CI: 0-0)
	1
	0.03
(CI: 0.03-0.03)
	2
	0.00
(CI: 0-0)
	1
	0.31
(CI: 0.29-0.33)
	2
	15
	1
	KNN

	Sentinel-3 OLCI - Level 3 - Modelled DOX
	 

	Zscore
	1
(CI: 1-1)
	1
	0.87
(CI: 0.85-0.89)
	2
	0
(CI: 0-0)
	1
	0
(CI: 0-0)
	2
	0
(CI: 0-0)
	1
	0.04
(CI: 0.04-0.05)
	2
	0
(CI: 0-0)
	1
	0.03
(CI: 0.03-0.03)
	2
	0
(CI: 0-0)
	1
	0.29
(CI: 0.27-0.31)
	2
	15
	1
	KNN

	MoDZ
	1
(CI: 1-1)
	1
	0.9
(CI: 0.88-0.91)
	1
	0
(CI: 0-0)
	4
	0
(CI: 0-0)
	1
	0
(CI: 0-0)
	4
	0.03
(CI: 0.03-0.04)
	1
	0
(CI: 0-0)
	4
	0.02
(CI: 0.02-0.02)
	1
	0
(CI: 0-0)
	4
	0.26
(CI: 0.24-0.28)
	1
	22
	2
	RF

	LoF
	1
(CI: 1-1)
	4
	0.85
(CI: 0.84-0.88)
	3
	0
(CI: 0-0)
	2
	0
(CI: 0-0)
	3
	0
(CI: 0-0)
	2
	0.04
(CI: 0.04-0.05)
	3
	0
(CI: 0-0)
	2
	0.03
(CI: 0.03-0.03)
	3
	0
(CI: 0-0)
	2
	0.31
(CI: 0.29-0.34)
	3
	27
	3
	ExDT

	IsoF
	1
(CI: 1-1)
	1
	0.84
(CI: 0.82-0.87)
	4
	0
(CI: 0-0)
	3
	0
(CI: 0-0)
	4
	0
(CI: 0-0)
	3
	0.04
(CI: 0.04-0.05)
	4
	0
(CI: 0-0)
	3
	0.03
(CI: 0.03-0.03)
	4
	0
(CI: 0-0)
	3
	0.31
(CI: 0.29-0.33)

	4
	33
	4
	ExDT

	Multi-sensor - Level 4 - Modelled DOX
	 

	Zscore
	1
(CI: 1-1)
	3
	0.97
(CI: 0.96-0.98)
	1
	0
(CI: 0-0)
	3
	0
(CI: 0-0)
	1
	0
(CI: 0-0)
	3
	0.02
(CI: 0.01-0.02)
	1
	0
(CI: 0-0)
	4
	0
(CI: 0-0.01)
	1
	0
(CI: 0-0)
	4
	0.06
(CI: 0.05-0.07)
	1
	22
	2
	RF

	MoDZ
	1
(CI: 1-1)
	2
	0.96
(CI: 0.94-0.97)
	4
	0
(CI: 0-0)
	2
	0
(CI: 0-0)
	3
	0
(CI: 0-0)
	2
	0.02
(CI: 0.02-0.02)
	3
	0
(CI: 0-0)
	2
	0.01
(CI: 0.01-0.01)
	3
	0
(CI: 0-0)
	2
	0.07
(CI: 0.06-0.09)
	3
	26
	3
	KNN

	LoF
	1
(CI: 1-1)
	1
	0.97
(CI: 0.95-0.98)
	2
	0
(CI: 0-0)

	1
	0
(CI: 0-0)
	2
	0
(CI: 0-0)
	1
	0.02
(CI: 0.02-0.02)
	2
	0
(CI: 0-0)
	1
	0.01
(CI: 0.01-0.01)
	2
	0
(CI: 0-0)
	1
	0.07
(CI: 0.06-0.08)
	2
	15
	1
	ExDT

	IsoF
	1
(CI: 1-1)
	4
	0.96
(CI: 0.94-0.97)
	3
	0
(CI: 0-0)

	4
	0
(CI: 0-0)
	4
	0
(CI: 0-0)
	4
	0.02
(CI: 0.02-0.02)
	4
	0
(CI: 0-0)
	3
	0.01
(CI: 0.01-0.01)
	4
	0
(CI: 0-0)
	3
	0.08
(CI: 0.07-0.09)
	4
	37
	4
	ExDT

	Multi-sensor - Level 3 - Modelled DOX
	 

	Zscore
	1
(CI: 1-1)
	2
	0.98
(CI: 0.98-0.99)
	2
	0
(CI: 0-0)
	3
	0
(CI: 0-0)
	2
	0
(CI: 0-0)
	3
	0.01
(CI: 0.01-0.02)
	2
	0
(CI: 0-0)
	1
	0
(CI: 0-0.01)
	2
	0.01
(CI: 0.01-0.01)
	1
	0.06
(CI: 0.05-0.06)
	2
	20
	4
	ExDT

	MoDZ
	1
(CI: 1-1)
	4
	0.98
(CI: 0.98-0.99)
	3
	0
(CI: 0-0)
	1
	0
(CI: 0-0)
	3
	0
(CI: 0-0)
	1
	0.01
(CI: 0.01-0.02)
	3
	0
(CI: 0-0)
	3
	0
(CI: 0-0.01)
	3
	0
(CI: 0-0.01)
	3
	0.05
(CI: 0.04-0.06)
	3
	27
	2
	ExDT

	LoF
	1
(CI: 1-1)
	1
	0.98
(CI: 0.98-0.99)
	1
	0
(CI: 0-0)
	4
	0
(CI: 0-0)
	4
	0
(CI: 0-0)
	4
	0.01
(CI: 0.01-0.01)
	4
	0
(CI: 0-0)
	2
	0
(CI: 0-0)
	4
	0.01
(CI: 0.01-0.01)
	2
	0.04
(CI: 0.04-0.05)
	4
	30
	1
	ExDT

	IsoF
	1
(CI: 1-1)
	3
	0.96
(CI: 0.95-0.98)
	4
	0
(CI: 0-0)
	2
	0
(CI: 0-0)
	1
	0
(CI: 0-0)
	2
	0.02
(CI: 0.02-0.02)
	1
	0
(CI: 0-0)
	4
	0.01
(CI: 0-0.01)
	1
	0
(CI: 0-0.01)
	4
	0.06
(CI: 0.05-0.08)
	1
	23
	3
	ExDT



3.2 Performance of various model(s)
Table S7. List of best performing models with different datasets. 
	Data
	Model types


	
	Supervised
	Stacking-ensemble
	Equation
	Voting-based ensemble
	Statistical

	EPA dataset

	L4-S3
	KNN
	Combination 368: GB, AdaB, CatB, MLP
	Power
	XGB-CAT
	OLS

	L3-S3
	BGR
	Combination 319: RF, XGB, CatB, GPR
	Exponential
	RF-XGB-SVR
	OLS

	L4-MS
	GB
	Combination 292: RF, AdaB, KNN, OLS
	Reciprocal
	RF-XGB-SVR
	OLS

	L3-MS
	KNN
	Combination 1965: GB, DT, XGB, CatB, SVR, KNN, GPR, OLS
	Sigmoid
	RF-XGB-SVR-KNN
	OLS

	Modelled dataset

	L4-S3
	ExDT
	Combination 1881: RF, GB, DT, XGB, CatB, GPR, MLP, OLS
	Rational
	RF-KNN
	OLS

	L3-S3
	ExDT
	Combination 1821: RF, GB, AdaB, DT, XGB, CatB, KNN, MLP
	Power
	RF-KNN
	OLS

	L4-MS
	ExDT
	Combination 564: RF, GB, AdaB, DT, SVR
	Rational
	RF-XGB
	OLS

	L3-MS
	ExDT
	Combination 240: RF, GB, DT, XGB
	Reciprocal
	RF-XGB
	OLS








[image: ]
Fig. S7. Performance metrics results of various models during training and testing period for S3-OLCI and MS products. 












Table S8. Performance of supervised machine learning models (with 95% confidence interval with 2000 iterations) with independent validation datasets (here L denotes as ‘Level’; S3 = Sentinel 3 OLCI, MS = Multi sensors, CI = confidence interval)
	Data
	Training and testing dataset 
	Validation dataset

	
	2016-2021
	2022
	2023

	
	R2 train
	R2 test
	MSE train
	MSE test
	RMSE train
	RMSE test
	MAE train
	MAE test
	PABE train
	PABE test
	Best Model
	Full dataset R2
	R2
	R2

	EPA

	L4-S3
	0.98 
(CI: 0.95-1) 
	0.27
(CI: 0.1-0.38)
	0
(CI: 0-0.01)
	0.11
(CI: 0.05- 0.19)
	0.05
(CI: 0.02-0.07)
	0.33
(CI: 0.21-0.44)
	0.01 
(CI: 0-0.01)
	0.23
(CI: 0.17-0.3)
	0.07
(CI: 0.02-0.14)
	2.21
(CI: 1.68-2.82)
	KNN
	0.79
	0.08
	0.1

	L3-S3
	0.87
(CI: 0.85-0.89)
	0.21
(CI: -0.04-0.37)
	0.01
(CI: 0.01-0.01)
	0.06
(CI: 0.04-0.09)
	0.1 
(CI: 0.09-0.11)
	0.25
(CI: 0.19-0.31)
	0.07
(CI: 0.07-0.08)
	0.18
(CI: 0.14-0.23)
	0.73
(CI: 0.65-0.82)
	1.82
(CI: 1.43-2.27)
	BGR
	0.74
	0.16
	0.09

	L4-MS
	0.85
(CI: 0.69-0.94)
	0.55
(CI: -0.08-0.78)
	0.01
(CI: 0.01-0.02)
	0.03
(CI: 0.02-0.05)
	0.12
(CI: 0.07-0.16)
	0.17
(CI: 0.13-0.21)
	0.07
(CI: 0.05-0.09)
	0.14
(CI: 0.1-0.14)
	0.67
(CI: 0.5-0.87)
	1.36
(CI: 0.95-1.78)
	GB
	0.8
	-0.03
	-0.09

	L3-MS
	0.7
(CI: 0.53-0.84)
	0.35
(CI: -0.08-0.69)
	0.03
(CI: 0.01-0.04)
	0.07
(CI: 0.02-0.14)
	0.16
(CI: 0.11-0.21)
	0.27
(CI: 0.16-0.38)
	0.09
(CI: 0.06-0.11)
	0.19
(CI: 0.12-0.26)
	0.84
(CI: 0.6-1.11)
	1.82
(CI: 1.22-2.58)
	KNN
	0.61
	0.1
	-0.01

	Modelled

	L4-S3
	1
(CI: 1-1)
	0.84
(CI: 0.81-0.86)
	0
(CI: 0-0)
	0
(CI: 0-0)
	0
(CI: 0-0)
	0.04
(CI: 0.04-0.05)
	0
(CI: 0-0)
	0.03
(CI: 0.03-0.03)
	0
(CI: 0-0)
	0.31
(CI: 0.29-0.33)
	ExDT
	0.96
	0.49
	-0.3

	L3-S3
	1
(CI: 1-1)
	0.85
(CI: 0.84-0.88)
	0
(CI: 0-0)
	0
(CI: 0-0)
	0
(CI: 0-0)
	0.04
(CI: 0.04-0.05)
	0
(CI: 0-0)
	0.03
(CI: 0.03-0.03)
	0
(CI: 0-0)
	0.31
(CI: 0.29-0.34)
	ExDT
	0.95
	0.53
	-0.26

	L4-MS
	1
(CI: 1-1)
	0.97
(CI: 0.95-0.98)
	0
(CI: 0-0)
	0
(CI: 0-0)
	0
(CI: 0-0)
	0.02
(CI: 0.02-0.02)
	0
(CI: 0-0)
	0.01
(CI: 0.01-0.01)
	0
(CI: 0-0)
	0.07
(CI: 0.06-0.08)
	ExDT
	0.98
	0.4
	-1.39

	L3-MS
	1
(CI: 1-1)
	0.98
(CI: 0.98-0.99)
	0
(CI: 0-0)
	0
(CI: 0-0)
	0
(CI: 0-0)
	0.01
(CI: 0.01-0.01)
	0
(CI: 0-0)
	0
(CI: 0-0)
	0.01
(CI: 0.01-0.01)
	0.04
(CI: 0.04-0.05)
	ExDT
	0.99
	0.37
	-0.92



Table S9. Optimal hyperparameters for supervised machine learning models (here L denotes as ‘Level’; S3 = Sentinel 3 OLCI and MS = Multi sensors)
	Dataset
	Best model
	Hyperparameters

	
	
	max_depth
	min_samples_leaf
	min_samples_split
	n_estimators
	n_neighbors
	p
	weights

	EPA data

	L4-S3
	KNN
	 
	 
	 
	 
	11
	2
	distance

	L3-S3
	BGR
	
	
	
	
	
	
	

	L4-MS
	GB
	 
	 
	 
	 
	 
	 
	 

	L3-MS
	KNN
	 
	 
	 
	 
	11
	1
	distance

	Modelled data

	L4-S3
	ExDT
	20
	1
	2
	200
	 
	 
	 

	L3-S3
	ExDT
	20
	1
	2
	200
	 
	 
	 

	L4-MS
	ExDT
	30
	1
	2
	200
	 
	 
	 

	L3-MS
	ExDT
	20
	1
	2
	200
	 
	 
	 



(i) Stacking-ensemble model(s): A total of 2047 stacking-ensemble models were developed in this study using the “StackingRegressor” framework. The details of the stacking-ensemble model(s) performance results can be found in supplementary materials-3, whereas a performance metrics summary of the best-performing model can be found in Table S10. For the EPA datasets, different stacking-ensemble combinations showed optimal performance (Table S7; Fig. S7a); however, not a single stacking-ensemble architecture showed consistently excellent performance during the testing phase. Moreover, during the testing phase (e.g., L4-S3: MAE = 0.16 with CI ± 0.04), models showed high uncertainty compared to the training phase (e.g., L4-S3: MAE = 0.08 with CI ± 0.01). This inconsistency indicates that stacking-ensemble models failed to generalize unseen data. Such characteristics highlight that these models are overfitted, potentially due to redundancy among base regressors that solely depend on the same Rhow spectral input (Aboneh et al., 2022; Nguyen Van and Lee, 2025; Pramanick et al., 2025). Although, compared to supervised models, a relatively low PABE score difference was found between training and testing datasets. These results further highlight that integrating multiple ML/AI models did not introduce sufficient complementary information to capture the complexity between Rhow and ground-measured DOX concentrations data. 
In contrast, the performance of stacking-ensemble models showed that they can capture the complex data relationships between Rhow and the modelled-derived DOX concentrations (Table S7; Table S10). Although slightly higher testing errors (e.g., L4-S3: RMSE training = 0.02 with CI ± 0, RMSE testing = 0.04 with CI ± 0.005; MAE training = 0.01 with CI ± 0, MAE testing = 0.03 with CI ± 0) and higher bias (e.g., L4-S3: PABE training = 0.13 with CI ± 0.005%, PABE testing = 0.31 with CI ± 0.02%) were found during the testing phase, but showed a balanced performance compared to EPA datasets (Fig. S7a). 
Table S10. Performance of Stacking-ensemble models (with 95% confidence interval with 2000 iterations) with independent validation datasets (here L denotes as ‘Level’; S3 = Sentinel 3 OLCI, MS = Multi sensors, CI = confidence interval)
	Data
	Training and testing dataset
	Validation dataset

	
	2016-2021
	2022
	2023

	
	R2 train
	R2 test
	MSE train
	MSE test
	RMSE train
	RMSE test
	MAE train
	MAE test
	PABE train
	PABE test
	Best Model
	Full dataset R2
	R2
	R2

	EPA

	L4-S3
	0.88 
(CI: 0.86 – 0.90)
	0.23
(CI: -0.01 – 0.41)

	0.01 
(CI: 0.01 – 0.01)

	0.04
(CI: 0.03 – 0.06)
	0.10
(CI: 0.09 – 0.11)
	0.21
(CI: 0.17 – 0.25)
	0.08 
(CI: 0.07 – 0.09)
	0.16 
(CI: 0.12 – 0.19)
	0.76
(CI: 0.69 – 0.84)
	1.55 
(CI: 1.21 – 1.91)
	Combination 368: 
GB, AdaB, CatB, MLP
	0.78
	0.06
	0.08

	L3-S3
	0.87
(CI: 0.85 – 0.89)
	0.26
(CI: -0.06 – 0.42)
	0.01
(CI: -0.01 – 0.01)
	0.06
(CI: -0.03 – 0.09)
	0.10
(CI: 0.09 – 0.11)
	0.24
(CI: 0.18 – 0.3)
	0.07
(CI: 0.07 – 0.08)
	0.18
(CI: 0.14 – 0.22)
	0.73
(CI: 0.64 – 0.82)
	1.76
(CI: 1.4 – 2.2)
	Combination 319: 
RF, XGB, CatB, GPR
	0.75
	0.16
	0.11

	L4-MS
	0.49
(CI: 0.42 – 0.55)
	0.28
(CI: 0.06 – 0.4)
	0.02
(CI: 0.02 – 0.03)
	0.06
(CI: 0.03 – 0.09)
	0.15
(CI: 0.12 – 0.18)
	0.24
(CI: 0.18 – 0.29)
	0.11
(CI: 0.1 – 0.13)
	0.18
(CI: 0.12 – 0.24)
	1.12
(CI: 0.95 – 1.32)
	1.80
(CI: 1.25 – 2.41)
	Combination 292: 
RF, AdaB, KNN, OLS
	0.43
	-0.03
	0.03

	L3-MS
	0.54
(CI: 0.41 – 0.64)
	0.34
(CI: 0.01 – 0.61)
	0.04
(CI: 0.03 – 0.06)
	0.07
(CI: 0.03 – 0.13)
	0.20
(CI: 0.16 – 0.24)
	0.27
(CI: 0.17 – 0.36)
	0.14
(CI: 0.11 – 0.17)
	0.19
(CI: 0.13 – 0.26)
	1.36
(CI: 1.11 – 1.67)
	1.87
(CI: 1.24 – 2.61)
	Combination 1965: 
GB, DT, XGB, CatB, SVR, 
KNN, GPR, OLS
	0.49
	-0.16
	-0.11

	Modelled

	L4-S3
	0.97
(CI: 0.98 – 0.98)
	0.85
(CI: 0.81 – 0.86)
	0
(CI: 0 – 0)
	0
(CI: 0 – 0)
	0.02
(CI: 0.02 – 0.02)
	0.04
(CI: 0.04 – 0.05)
	0.01
(CI: 0.01 – 0.01)
	0.03
(CI: 0.03 – 0.03)
	0.13
(CI: 0.13 – 0.14)
	0.31
(CI: 0.3 – 0.34)
	Combination 1881: 
RF, GB, DT, XGB, 
CatB, GPR, MLP, OLS
	0.94
	0.51
	-0.29

	L3-S3
	0.97 
(CI: 0.97 – 0.97)
	0.86
(CI: 0.84 – 0.88)
	0
(CI: 0–0)
	0
(CI: 0–0)
	0.02
(CI: 0.02 – 0.02)
	0.04
(CI: 0.04 – 0.04)
	0.01
(CI: 0.01 – 0.01)

	0.03
(CI: 0.03 – 0.03)
	0.15
(CI: 0.14 – 0.15)
	0.31
(CI: 0.29 – 0.33)
	Combination 1821: 
RF, GB, AdaB, DT, 
XGB, CatB, KNN, MLP
	0.95
	0.52
	-0.27

	L4-MS
	0.99
(CI: 0.99 – 0.99)
	0.95
(CI: 0.94 – 0.97)
	0
(CI: 0–0)
	0
(CI: 0–0)
	0.01
(CI: 0.01 – 0.01)
	0.02
(CI: 0.02 – 0.03)
	0
(CI: 0–0)

	0.01
(CI: 0.01–0.01)
	0.05
(CI: 0.05 – 0.06)
	0.12
(CI: 0.11 – 0.13)
	Combination 564: 
RF, GB, AdaB, DT, SVR
	0.99
	0.36
	-1.34

	L3-MS
	1
(CI: 1– 1)
	0.98
(CI: 0.97 – 0.98)
	0
(CI: 0–0)
	0
(CI: 0–0)
	0.01
(CI: 0.01 – 0.01)
	0.01
(CI: 0.01 – 0.02)
	0
(CI: 0–0)
	0.01
(CI: 0.01–0.01)
	0.04
(CI: 0.04 – 0.04)
	0.08
(CI: 0.07 – 0.09)
	Combination 240: 
RF, GB, DT, XGB
	0.99
	0.28
	-0.99


(ii) Equation model: The research evaluated the performance of 14 equation-based models in order to retrieve DOX concentrations from the RS data. Prior to model development, all datasets utilized in the equation models went through a feature engineering process. The feature engineering dataset showed good accuracy compared to the full dataset during model development. The power, exponential, reciprocal, and sigmoid equation models are ranked as the best-performing models with feature engineering bands for the EPA datasets (Table S7; Table S11). However, all equation models consistently showed higher prediction errors and uncertainty during the testing phase, as reflected by higher RMSE (e.g., L4-S3: training = 0.24 with CI ± 0.03, testing = 0.39 with CI ± 0.04), MSE (e.g., L3-S3: training = 0.06 with CI ± 0.01, testing = 0.14 with CI ± 0.03), MAE (e.g., L4-MS: training = 0.16 with CI ± 0.03, testing = 0.28 with CI ± 0.05), and PABE (e.g., L3-MS: training = 1.99% with CI ± 0.29, testing = 3.30% with CI ± 0.49) across all datasets (Fig. S7b). The discrepancy between training and testing performance indicates limited generalization ability and suggests an overfitting issue (Montesinos López et al., 2022). A detailed description of the impact of the feature engineering process can be found in section 3.2.1, while feature selection results of all models can be found in supplementary materials-6. 
In contrast, for the modelled DOX dataset, the rational (L4-S3 and L4-MS), power (L3-S3), and reciprocal (L3-S3) outperformed other equational models based on the cumulative ranking score (Table S7; Table S11). It can be seen from Fig. S7(b) that, overall, equation models performed slightly better with the modelled datasets compared to the EPA datasets (e.g., L4-S3: train RMSE = 0.07 with CI ± 0; test RMSE = 0.1 with CI ± 0.005; train PABE = 0.54% with CI ± 0.005; test PABE = 0.78% with CI ± 0.02). Nevertheless, similar to the EPA datasets, a high variability in testing results was found with modelled datasets. The overall result suggests that equation models remain sensitive to data variability and cannot capture the complex relationship between Rhow bands and DOX concentrations.  
Table S11. Performance of equation models (with 95% confidence interval with 2000 iterations) with independent validation datasets (here L denotes as ‘Level’; S3 = Sentinel 3 OLCI, MS = Multi sensors, CI = confidence interval)
	Data
	Training and testing dataset
	Validation dataset

	
	2016-2021 and 2022
	2023

	
	R2 train
	R2 test
	MSE train
	MSE test
	RMSE train
	RMSE test
	MAE train
	MAE test
	PABE train
	PABE test
	Best Model
	Bands
	R2

	EPA
	

	L4-S3
	0.2 
(CI: 0.11- 0.28) 
	0.04
(CI: -0.06-0.13)
	0.06 
(CI: 0.05- 0.07)
	0.15
(CI: 0.12-0.18)
	0.24 
(CI: 0.22 - 0.27)
	0.39
(CI: 0.35-0.42)
	0.19 
(CI: 0.17 -0.21)
	0.31
(CI:0.18-0.34)
	1.84 
(CI: 1.65-2.04)
	3.02
(CI: 2.75-3.32)
	Power
	R4, R5, R8, 
R10, R11
	0.04

	L3-S3
	0.19
(CI: 0.11-0.26)
	0.11
(CI: 0.03-0.18)
	0.06
(CI: 0.05-0.07)
	0.14
(CI: 0.11-0.17)
	0.25
(CI: 0.23- 0.27)
	0.37
(CI: 0.33-0.41)
	0.19
(CI: 0.17-0.21)
	0.3
(0.27-0.33)
	1.88
(CI: 1.70 - 2.07)
	2.87
(CI: 2.6-3.16)
	Exponential
	R5, R6, R8, 
R10
	0.13

	L4-MS
	0.2 
(CI: 0.06 – 0.32)
	-0.03
(CI: -0.17 – 0.07)
	0.04
(CI: 0.03 -0.05)
	0.14
(CI: 0.09-0.19)
	0.2
(CI: 0.18- 0.23)
	0.37
(CI: 0.31- 0.44)
	0.16
(0.13 - 0.18)
	0.28
(CI: 0.23-0.33)
	1.53
(CI: 1.3 -1.77)
	2.7
(CI: 2.28-3.14)
	Reciprocal
	R4, R3, R5, 
R2
	0.07

	L3-MS
	0.22
(CI: 0.07 – 0.33)
	0.01
(CI: -0.26-0.15)
	0.07
(CI: 0.05 -0.09)
	0.21
(CI: 0.15-0.28)
	0.27
(CI: 0.23 -0.3)
	0.46
(CI: 0.38-0.53)
	0.2
(CI: 0.17 – 0.23)
	0.35
(CI: 0.3-0.41)
	1.99
(CI: 1.7 – 2.28)
	3.39
(CI: 2.91-3.89)
	Sigmoid
	R5, R4, R3, 
R6
	-0.05

	Modelled 
	

	L4-S3
	0.61
(CI: 0.59 – 0.63)
	0.53
(CI: 0.51- 0.55)
	0.01
(CI: 0.004 - 0.005)
	0.01
(CI: 0.01-0.01)
	0.07
(CI: 0.07 – 0.07)
	0.1
(CI: 0.1-0.11)
	0.05
(CI: 0.05 – 0.05)
	0.07
(CI: 0.07-0.07)
	0.54
(CI: 0.53 – 0.56)
	0.78
(CI: 0.76-0.8)
	Rational
	R3, R4, R7, 
R10, R11
	0.15

	L3-S3
	0.57
(CI: 0.56 – 0.6)
	0.55
(CI: 0.52-0.55)
	0.01
(CI: 0 – 0.01)
	0.01
(CI: 0.01-0.01)
	0.07
(CI: 0.07 -0.07)
	0.10
(CI: 0.1-0.11)
	0.05
(CI: 0.05 – 0.05)
	0.07
(CI: 0.07-0.07)
	0.57
(CI: 0.55 – 0.58)
	0.79
(CI: 0.78-0.82)
	Power
	R3, R4, R5, 
R7, R11
	0.04

	L4-MS
	0.52
(CI: 0.5 – 0.54)
	0.53
(CI: 0.51-0.54)
	0.01
(CI: 0 – 0.01)
	0.01
(CI: 0.01-0.01)
	0.07
(CI: 0.07 – 0.07)
	0.1
(CI: 0.1-0.11)
	0.05
(CI: 0.05 – 0.06)
	0.07
(CI: 0.07-0.08)
	0.6
(CI: 0.59 – 0.62)
	0.82
(CI: 0.81-0.84)
	Rational
	R1, R2, R4, R5
	-0.65

	L3-MS
	0.5
(CI: 0.48 – 0.52)
	0.47
(CI: 0.45-0.48)
	0.01
(CI: 0.004 - 0.005)
	0.01
(CI: 0.01-0.01)
	0.07
(CI: 0.07 – 0.07)
	0.09
(CI: 0.09-0.1)
	0.05
(CI: 0.05 – 0.05
	0.07
(CI: 0.07-0.07)
	0.58
(CI: 0.57 – 0.6)
	0.77
(CI: 0.75-0.79)
	Reciprocal
	R5, R3, R2, R4
	-0.78



(iii) Voting-based ensemble model(s): Different voting-based ensemble models showed optimal performance with EPA datasets (Table S7). Specifically, the XGB-Cat combination for the L4-S3 dataset; the RF-XGB-SVR combination performed best for the L3-S3 and L4-MS datasets; and the RF-XGB-SVR-KNN combination for the L3-MS in EPA datasets (Table S12). It is worth noting that all the best voting-based ensemble models (Fig. S7c) showed overfitting issues, similar to the other models (supervised, stacking-ensemble, and equation models). For example, in the L4-S3 dataset, training error metrics were low (MAE = 0.02 with CI ± 0.005; PABE = 0.22 with CI ± 0.06), but testing metrics increased remarkably (MSE = 0.05 with CI ± 0.02; MAE = 0.17 with CI ± 0.005; PABE = 1.70% with CI ± 0.32). The results indicate limited generalization capability of developed voting-based ensemble models when applied to unseen data during the testing phase (Fig. S7c). 
Conversely, voting-based ensemble models showed notable enhanced generalization performance for the modelled DOX datasets. For example, the RF-KNN combination yielded near zero errors (MSE train and test ≈ 0 with CI ± 0) for both the training and testing phases with the L4-S3 and L3-S3 datasets (Fig. S7c). Overall, the modelled datasets showed an excellent performance during the training and testing phase compared to EPA datasets (Fig. S7c). These results indicate that the voting-based ensemble models may generalize unseen data during prediction.  


Table S12. Performance of voting-based ensemble models (with 95% confidence interval with 2000 iterations) with independent validation datasets (here L denotes as ‘Level’; S3 = Sentinel 3 OLCI and MS = Multi sensors and CI = confidence interval)
	Data
	Training and testing dataset 
	 
	Validation dataset

	
	2016-2021
	 
	2022
	2023

	
	R2 train
	R2 test
	MSE train
	MSE test
	RMSE train
	RMSE test
	MAE train
	MAE test
	PABE train
	PABE test
	Best Model
	Full dataset R2
	R2
	R2

	EPA

	L4-S3
	0.97
(CI: 0.95-0.99)
	0.25
(CI: 0.06-0.4)
	0 
(CI: 0-0)
	0.05
(CI: 0.04 - 0.07) 
	0.05
(CI: 0.03 - 0.06)
	0.22 
(CI: 0.19 - 0.26)
	0.02 
(CI: 0.02 - 0.03)
	0.17
(0.13 - 0.2)
	0.22
(CI: 0.17 – 0.29)
	1.62 
(CI: 1.32 -1.95)
	XGB-CAT
	0.78
	0.05
	0.03

	L3-S3
	0.83 
(CI: 0.81-0.86)
	0.27 
(CI: 0.07-0.42)
	0.01 
(CI: 0.01-0.02)
	0.05 
(CI: 0.03-0.08)
	0.11 
(CI: 0.1 - 0.13)
	0.23 
(CI: 0.19 - 0.28)
	0.08 
(CI: 0.07 - 0.09)
	0.17 
(CI: 0.14 - 0.21)
	0.80 
(CI: 0.69 – 0.92)
	1.70 
(CI: 1.38 – 2.05)
	RF-XGB-SVR
	0.67
	0.16
	0.09

	L4-MS
	0.71 
(CI: 0.61-0.79)
	0.06 
(CI: -0.27-0.27)
	0.01 
(CI: 0.01-0.02)
	0.07 
(CI: 0.04-0.09)
	0.11 
(CI: 0.09 - 0.14)
	0.26 
(CI: 0.2 - 0.31)
	0.08 
(CI: 0.07 - 0.1)
	0.2 
(CI: 0.15 - 0.25)
	0.81 
(CI: 0.66 – 0.98)
	1.95 
(CI: 1.45 – 2.49)
	RF-XGB-SVR
	0.45
	-0.08
	-0.08

	L3-MS
	0.61 
(CI: 0.45-0.73)
	0.12 
(CI: -0.37-0.45)
	0.03 
(CI: 0.02-0.05)
	0.09 
(CI: 0.05-0.14)
	0.18 
(CI: 0.14-0.22)
	0.30 
(CI: 0.21-0.38)
	0.13 
(CI: 0.1-0.15)
	0.21 
(CI: 0.15-0.28)
	1.24 
(CI: 0.99-1.5)
	2.08 
(CI: 1.53-2.77)
	RF-XGB-SVR-KNN
	0.40
	0.06
	0.00

	Modelled

	L4-S3
	0.94 
(CI: 0.94 -0.95)
	0.84 
(CI: 0.82 -0.85)
	0.00 
(CI: 0.00 -0.00)
	0.00 
(CI: 0.00 -0.00)
	0.03 
(CI: 0.02 -0.03)
	0.04 
(CI: 0.04 -0.05)
	0.02 
(CI: 0.02 -0.02)
	0.03 
(CI: 0.03 -0.03)
	0.19 
(CI: 0.18 -0.19)
	0.32 
(CI: 0.30 -0.34)
	RF-KNN
	0.91
	0.51
	-0.29

	L3-S3
	0.94 
(CI: 0.94 -0.95)
	0.85 
(CI: 0.83 -0.87)
	0.00 
(CI: 0.00 -0.00)
	0.00 
(CI: 0.00 -0.00)
	0.03 
(CI: 0.02 -0.03)
	0.04 
(CI: 0.04 -0.05)
	0.02 
(CI: 0.02 -0.02)
	0.03 
(CI: 0.03 -0.03)
	0.18 
(CI: 0.18 -0.19)
	0.32 
(CI: 0.30 -0.33)
	RF-KNN
	0.91
	0.51
	-0.26

	L4-MS
	0.99 
(CI: 0.99 -0.99)
	0.93 
(CI: 0.91 -0.95)
	0.00 
(CI: 0.00 -0.00)
	0.00 
(CI: 0.00 -0.00)
	0.01 
(CI: 0.01 -0.01)
	0.03 
(CI: 0.02 -0.03)
	0.01 
(CI: 0.01 -0.01)
	0.01 
(CI: 0.01 -0.02)
	0.06 
(CI: 0.06 -0.07)
	0.16 
(CI: 0.14 -0.17)
	RF-XGB
	0.97
	0.38
	-1.19

	L3-MS
	0.99 
(CI: 0.99 -0.99)
	0.96 
(CI: 0.95 -0.97)
	0.00 
(CI: 0.00 -0.00)
	0.00 
(CI: 0.00 -0.00)
	0.01 
(CI: 0.01 -0.01)
	0.02 
(CI: 0.00 -0.02)
	0.00 
(CI: 0.01 -0.01)
	0.01 
(CI: 0.01 -0.01)
	0.05 
(CI: 0.05 -0.06)
	0.11 
(CI: 0.1 -0.12)
	RF-XGB
	0.98
	0.31
	-0.91


(iv) Statistical model(s): Among the three statistical models (PCR, PLS, and OLS) utilized in this study, the OLS model consistently outperformed others in terms of performance metrics (Table S13, Table S7). Specifically, the OLS model showed a stable performance during the training and testing phase with EPA datasets (e.g., L4-S3: RMSE training = 0.25 with CI ± 0.03, RMSE testing = 0.23 with CI ± 0.02; L4-MS: RMSE training = 0.19 with CI ± 0.03, RMSE testing = 0.25 with CI ± 0.03). These results indicate that the OLS model can capture the underlying trends in the training dataset without overfitting (Fig. S7d). Moreover, several feature engineering-based selected bands were employed to enhance OLS model performance across different datasets (supplementary materials-6). However, selected band-based model development showed very poor performance compared to using the full dataset for model development (see section 3.2.1). Furthermore, compared to other models (supervised, stacking-ensemble, equation, and voting-based ensemble), the OLS model showed higher bias and uncertainty (L4-S3: PABE training = 1.88% with CI ± 0.21, PABE testing = 1.8% with CI ± 0.39; L3-S3: PABE training = 1.94% with CI ± 0.2, PABE testing = 1.85% with CI ± 0.44; L4-MS: PABE training = 1.49% with CI ± 0.44, PABE testing = 1.92% with CI ± 0.59; L3-MS: PABE training = 2.18% with CI ± 0.32, PABE testing = 2.46% with CI ± 0.76) in both the training and testing phases (Fig. S7d). 
Further analysis with the modelled DOX datasets showed a consistent result during both training and testing phases (e.g., L3-S3: RMSE training = 0.06 with CI ± 0.005, RMSE testing = 0.07 with CI ± 0.05; L3-MS: RMSE training = 0.07 with CI ± 0, RMSE testing = 0.07 with CI ± 0) (Fig. S7d). These consistent results indicate that the OLS model has effectively learned the underlying patterns without overfitting or underfitting problems. Moreover, the results are consistent with previous studies reporting robust performance of statistical models (Al-Shaibah et al., 2021; Karaoui et al., 2019; Mohandas and Brema, 2023). 
Table S13. Performance of statistical models (with 95% confidence interval with 2000 iterations) with independent validation datasets (here L denotes as ‘Level’; S3 = Sentinel 3 OLCI and MS = Multi sensors, and CI = confidence interval)
	Data
	Training and testing dataset
	Validation dataset

	
	2016-2021
	2022
	2023

	
	R2 train
	R2 test
	MSE train
	MSE test
	RMSE train
	RMSE test
	MAE train
	MAE test
	PABE train
	PABE test
	Best Model
	Full dataset R2
	R2
	R2

	EPA

	L4-S3
	0.24
(CI: 0.13 -0.33)
	0.02
(CI: -0.26 -0.21)
	0.06
(CI: 0.05 -0.08)
	0.06
(CI: 0.04 -0.08)
	0.25
(CI: 0.22 -0.27)
	0.23
(CI: 0.19 -0.28)
	0.19
(CI: 0.17 -0.21)
	0.18
(CI: 0.14 -0.28)
	1.88
(CI: 1.68 -2.09)
	1.8
(CI: 1.42 -2.2)
	OLS
	0.20
	-0.07
	0.07

	L3-S3
	0.19
(CI: 0.09 -0.27)
	0.19
(CI: -0.04 -0.33)
	0.06
(CI: 0.05 -0.07)
	0.06
(CI: 0.04 -0.09)
	0.25
(CI: 0.23 -0.27)
	0.25
(CI: 0.19 -0.3)
	0.2
(CI: 0.18 -0.22)
	0.19
(CI: 0.15 -0.23)
	1.94
(CI: 1.76 -2.16)
	1.85
(CI: 1.45 -2.32)
	OLS
	0.19
	0.04
	0.09

	L4-MS
	0.16
(CI: -0.01 -0.29)
	0.23
(CI: -0.12 -0.46)
	0.04
(CI: 0.03 -0.05)
	0.06
(CI: 0.03 -0.09)
	0.19
(CI: 0.16 -0.22)
	0.25
(CI: 0.18 -0.3)
	0.15
(CI: 0.13 -0.18)
	0.19
(CI: 0.14 -0.26)
	1.49
(CI: 1.26 -1.74)
	1.92
(CI: 1.36 -2.53)
	OLS
	0.19
	0.01
	0.05

	L3-MS
	0.09
(CI: -0.02 -0.17)
	0.04
(CI: -0.28 -0.16)
	0.08
(CI: 0.6 -0.1)
	0.11
(CI: 0.06 -0.16)
	0.28
(CI: 0.24 -0.32)
	0.33
(CI: 0.24 -0.4)
	0.22
(CI: 0.19 -0.25)
	0.25
(CI: 0.18 -0.33)
	2.18
(CI: 1.86 -2.5)
	2.46
(CI: 1.73 -3.25)
	OLS
	0.08
	0.02
	0.01

	Modelled

	L4-S3
	0.63
(CI: 0.61 -0.64)
	0.64
(CI: 0.6 -0.67)
	0
(CI: 0-0)
	0
(CI: 0-0.01)
	0.07
(CI: 0.06-0.07)
	0.07
(CI: 0.06-0.07)
	0.05
(CI: 0.04-0.05)
	0.05
(CI: 0.04-0.05)
	0.51
(CI: 0.5-0.53)
	0.51
(CI: 0.48-0.54)
	OLS
	0.63
	0.48
	-0.12

	L3-S3
	0.63
(CI: 0.61 -0.65)
	0.64
(CI: 0.61 -0.67)
	0
(CI: 0-0)
	0
(CI: 0-0)
	0.06
(CI: 0.06-0.07)
	0.07
(CI: 0.06-0.07)
	0.05
(CI: 0.04-0.05)
	0.05
(CI: 0.04-0.05)
	0.51
(CI: 0.5-0.53)
	0.52
(CI: 0.5-0.55)
	OLS
	0.64
	0.44
	-0.34

	L4-MS
	0.5
(CI: 0.48 -0.52)
	0.49
(CI: 0.43 -0.54)
	0.01
(CI: 0 -0.01)
	0.01
(CI: 0.01 -0.01)
	0.07
(CI: 0.07-0.07)
	0.08
(CI: 0.07-0.08)
	0.05
(CI: 0.05-0.06)
	0.06
(CI: 0.05-0.06)
	0.6
(CI: 0.58-0.61)
	0.62
(CI: 0.59-0.66)
	OLS
	0.5
	0.5
	-0.5

	L3-MS
	0.5
(CI: 0.48-0.52)
	0.47
(CI: 0.41-0.52)
	0
(CI: 0-0)
	0.00
(CI: 0-0.01)
	0.07
(CI: 0.07-0.07)
	0.07
(CI: 0.07-0.07)
	0.05
(CI: 0.05-0.05)
	0.05
(CI: 0.05-0.06)
	0.58
(CI: 0.57-0.59)
	0.59
(CI: 0.56-0.62)
	OLS
	0.49
	0.4
	-0.9



3.2.1 Impact of input features 
The current study utilized embedding-based models, such as LR, DT, XGB, KNN, and RF; and wrapper-based feature engineering models, such as RFE-LR, RFE-RF, RFECV-LR, RFECV-RF, SFS-RF, XGB-GS/XGB-RS, and SHAP-KNN for optimizing the satellite-derived Rhow features.
In the feature selection process by different feature selection algorithms, Rhow_4, Rhow_5, Rhow_6, Rhow_8 and Rhow_10 appear multiple times with the EPA datasets, indicating that they might be the key indicators (supplementary materials-6). Moreover, REFCV_LR, REFCV_RF, SFS_RF, XGB, and REF_LR models point to the same Rhow bands (Rhow_4, Rhow_5, Rhow_8, Rhow_10 and Rhow_11) for the L4-S3-EPA data (Fig. S8). Similarly, multiple models suggested the same bands (L4-MS-EPA: Rhow_2, Rhow_3, Rhow_4, Rhow_5; L3-MS-EPA: Rhow_3, Rhow_4, Rhow_5, Rhow_6) for the L4-MS-EPA (DT and SHAP-KNN models) and L3-MS-EPA (SHAP-KNN and KNN models) data (Fig. S8). However, an exception was found for the L3-S3-EPA data where the DT model suggested the best important Rhow bands (Rhow_5, Rhow_6, Rhow_8, Rhow_10) (Fig. S8). 
In EPA datasets, for both products, no notable impact on model accuracy was found utilizing the feature engineering process. In particular, the L4-S3-EPA and L3-S3-EPA data show an average R2 (coefficient of determination) value is ≤ 0.25 for statistical and equation models with twelve Rhow band subsets. Furthermore, similar to the S3-OLCI products, the MS products showed poor accuracy with different Rhow band subsets (supplementary materials-6). In short, feature engineering with Rhow bands did not improve the regression model performance for EPA datasets.  
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Fig S8. Optimal features in various EPA datasets.  
On the other hand, Rhow_2, Rhow_3, Rhow_4, Rhow_5, and Rhow_11 appear multiple times in the modelled datasets, indicating they could be the key indicators (supplementary materials-6). As like the EPA datasets, multiple feature selection models (RFE_RF, SFS_RF, XGB, KNN model) suggested the same important Rhow bands (Rhow_3, Rhow_4, Rhow_7, Rhow_10, Rhow_11) for L4-S3 data, L3-S3 data (REF_LR, REF_RF, REFCV_RF model: Rhow_3, Rhow_4, Rhow_5, Rhow_7, Rhow_11), and L4-MS data (REF_LR, REFCV_LR, SFS_RF model: Rhow_1, Rhow_2, Rhow_4, Rhow_5) (Fig. S9). However, an exception found for L3-MS data where a KNN model suggested the optimal Rhow bands (Rhow_2, Rhow_3, Rhow_4, Rhow_5) (Fig. S9). 
Compared to EPA datasets, modelled datasets showed good accuracy with feature engineering processes. In particular, the L4-S3 and L3-S3 datasets showed an average R2 value > 0.56 with Rhow band subsets with statistical and equation model. In contrast, the MS products dataset showed average R2 value of > 0.49 for L4-MS and L3-MS, respectively. Although the performance of modelled dataset is slightly better than the EPA datasets, the result suggests that less than 49% of the variability in target variables could be explained by the developed model. Overall, the feature engineering process showed no notable impact on model performance for both statistical and equation model.  
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Fig S9. Optimal features in various modelled datasets. 

3.2.2 Performance of various models with alternative split ratio
To assess whether the model performance discrepancies arise from model differences rather than data-splitting strategies, the study re-evaluated the best-performing model(s) in alternative split ratios, such as 70:30 splitting-strategies for supervised, stacking-ensemble, statistical, and 80:20 for voting-based ensembles, using the multi-year dataset spanning 2016-2021 datasets. Table S14 shows various model performance metrics results, including RMSE, MSE, MAE, and PABE with alternative ratios. Based on the performance metrics of re-evaluated best-performing model(s), a slight difference was found in EPA datasets due to the new attributional split ratios. For example, training errors remained low (BGR model with RMSE ≈ 0.10, MAE ≈ 0.07), whereas the test performance result increased substantially (BGR model with RMSE ≈ 0.25, MAE ≈ 0.18). Similar consistent results were found across all models with different splitting strategies, indicating performance discrepancies are generally influenced by model structure rather than splitting strategies, specifically between the 80:20 and 70:30 splits. These findings are consistent with earlier studies (Joseph, 2022; Joseph & Vakayil, 2022; Sarker, 2021; Sivakumar et al., 2024)
Table S14: Performance of various model with alternative split ratios (80:20 for voting-based ensemble; and 70:30 for supervised, stacking-ensemble, statistical)
	Data/Models
	Training and testing

	
	2016-2021

	
	MSE train
	MSE test
	RMSE train
	RMSE test
	MAE train
	MAE test
	PABE train
	PABE test
	Best Model

	Supervised machine learning model

	EPA

	L4-S3 (70-30)
	0
	0.06
	0.04
	0.24
	0.01
	0.18
	0.08
	1.82
	KNN

	L4-S3 (80-20)
	0
	0.11
	0.05
	0.33
	0.01
	0.23
	0.07
	2.21
	

	L3-S3 (70-30)
	0.01
	0.05
	0.1
	0.23
	0.07
	0.17
	0.7
	1.72
	BGR

	L3-S3 (80-20)
	0.01
	0.06
	0.1
	0.25
	0.07
	0.18
	0.73
	1.82
	

	L4-MS (70-30)
	0.01
	0.08
	0.09
	0.29
	0.04
	0.22
	0.43
	2.16
	GB

	L4-MS (80-20)
	0.01
	0.03
	0.12
	0.17
	0.07
	0.14
	0.67
	1.36
	

	L3-MS (70-30)
	0.02
	0.1
	0.15
	0.31
	0.07
	0.21
	0.71
	2.03
	KNN

	L3-MS (80-20)
	0.03
	0.07
	0.16
	0.27
	0.09
	0.19
	0.84
	1.82
	

	Modelled

	L4-S3 (70-30)
	0
	0
	0
	0.04
	0
	0.03
	0.01
	0.32
	ExDT

	L4-S3 (80-20)
	0
	0
	0
	0.04
	0
	0.03
	0
	0.31
	

	L3-S3 (70-30)
	0
	0
	0
	0.04
	0
	0.03
	0
	0.31
	ExDT

	L3-S3 (80-20)
	0
	0
	0
	0.04
	0
	0.03
	0
	0.31
	

	L4-MS (70-30)
	0
	0
	0
	0.03
	0
	0.01
	0
	0.1
	ExDT

	L4-MS (80-20)
	0
	0
	0
	0.02
	0
	0.01
	0
	0.07
	

	L3-MS (70-30)
	0
	0
	0
	0.02
	0
	0.01
	0.01
	0.06
	ExDT

	L3-MS (80-20)
	0
	0
	0
	0.01
	0
	0
	0.01
	0.04
	

	Stacking-ensemble model

	EPA

	L4-S3 (70-30)
	0.01
	0.05
	0.1
	0.22
	0.07
	0.17
	0.73
	1.63
	Combination 368: 
GB, AdaB, 
CatB, MLP

	L4-S3 (80-20)
	0.01
	0.04
	0.10
	0.21
	0.08
	0.16
	0.76
	1.55
	

	L3-S3 (70-30)
	0.01
	0.06
	0.11
	0.24
	0.09
	0.18
	0.86
	1.77
	Combination 319: 
RF, XGB, 
CatB, GPR

	L3-S3 (80-20)
	0.01
	0.06
	0.10
	0.24
	0.07
	0.18
	0.73
	1.76
	

	L4-MS (70-30)
	0.02
	0.08
	0.13
	0.28
	0.1
	0.22
	1
	2.16
	Combination 292: 
RF, AdaB, 
KNN, OLS

	L4-MS (80-20)
	0.02
	0.06
	0.15
	0.24
	0.11
	0.18
	1.12
	1.80
	

	L3-MS (70-30)
	0.03
	0.12
	0.17
	0.34
	0.11
	0.23
	1.05
	2.25
	Combination 1965: GB, DT, XGB, 
CatB, SVR, 
KNN, GPR, OLS

	L4-S3 (70-30)
	0.04
	0.07
	0.20
	0.27
	0.14
	0.19
	1.36
	1.87
	

	Modelled

	L4-S3 (70-30)
	0
	0
	0.02
	0.05
	0.01
	0.03
	0.15
	0.33
	Combination 1881: 
RF, GB, DT, XGB, 
CatB, GPR, 
MLP, OLS

	L4-S3 (80-20)
	0
	0
	0.02
	0.04
	0.01
	0.03
	0.13
	0.31
	

	L3-S3 (70-30)
	0
	0
	0.02
	0.04
	0.01
	0.03
	0.14
	0.31
	Combination 1821: 
RF, GB, AdaB, DT, 
XGB, CatB, KNN, MLP

	L3-S3 (80-20)
	0
	0
	0.02
	0.04
	0.01
	0.03
	0.15
	0.31
	

	L4-MS (70-30)
	0
	0
	0.01
	0.03
	0.01
	0.01
	0.06
	0.15
	Combination 564: 
RF, GB, AdaB, DT, SVR

	L4-MS (80-20)
	0
	0.01
	0.02
	0
	0.01
	0.05
	0.12
	0
	

	L3-MS (70-30)
	0
	0
	0.01
	0.02
	0
	0.01
	0.04
	0.1
	Combination 240: RF, GB, DT, XGB

	L4-S3 (70-30)
	0
	0.01
	0.01
	0
	0.01
	0.04
	0.08
	0
	

	Voting-based ensemble model

	EPA

	L4-S3 (80-20)
	0.05
	0.23
	0
	0.05
	0.02
	0.18
	0.24
	1.74
	XGB-CAT

	L4-S3 (70-30)
	0 
	0.05
	0.05
	0.22 
	0.02 
	0.17
	0.22
	1.62 
	

	L3-S3 (80-20)
	0.11
	0.25
	0.01
	0.06
	0.08
	0.19
	0.77
	1.86
	RF-XGB-SVR

	L3-S3 (70-30)
	0.01 
	0.05 
	0.11 
	0.23 
	0.08 
	0.17 
	0.80 
	1.70 
	

	L4-MS (80-20)
	0.16
	0.27
	0.03
	0.07
	0.11
	0.16
	1.07
	1.56
	RF-XGB-SVR

	L4-MS (70-30)
	0.01 
	0.07 
	0.11 
	0.26 
	0.08 
	0.2 
	0.81 
	1.95 
	

	L3-MS (80-20)
	0.19
	0.26
	0.04
	0.07
	0.13
	0.18
	1.31
	1.75
	RF-XGB-SVR-KNN

	L3-MS (70-30)
	0.03 
	0.09 
	0.18 
	0.30 
	0.13 
	0.21 
	1.24 
	2.08 
	

	Modelled

	L4-S3 (80-20)
	0.03
	0.04
	0
	0
	0.02
	0.03
	0.18
	0.32
	RF-KNN

	L4-S3 (70-30)
	0.00
	0.00
	0.03
	0.04
	0.02
	0.03
	0.19
	0.32
	

	L3-S3 (80-20)
	0.03
	0.04
	0
	0
	0.02
	0.03
	0.18
	0.31
	RF-KNN

	L3-S3 (70-30)
	0.00
	0.00
	0.03
	0.04
	0.02
	0.03
	0.18
	0.32
	

	L4-MS (80-20)
	0.01
	0.02
	0
	0
	0.01
	0.01
	0.06
	0.14
	RF-XGB

	L4-MS (70-30)
	0.00
	0.00
	0.01
	0.03
	0.01
	0.01
	0.06
	0.16
	

	L3-MS (80-20)
	0.01
	0.02
	0
	0
	0
	0.01
	0.05
	0.1
	RF-XGB

	L3-MS (70-30)
	0.00
	0.00
	0.01
	0.02
	0.00
	0.01
	0.05
	0.11
	

	Statistical model

	EPA

	L4-S3 (70-30)
	0.06
	0.07
	0.24
	0.26
	0.19
	0.2
	1.84
	1.96
	OLS

	L4-S3 (80-20)
	0.06
	0.06
	0.25
	0.23
	0.19
	0.18
	1.88
	1.8
	

	L3-S3 (70-30)
	0.06
	0.07
	0.25
	0.26
	0.2
	0.2
	1.94
	1.97
	OLS

	L3-S3 (80-20)
	0.06
	0.06
	0.25
	0.25
	0.2
	0.19
	1.94
	1.85
	

	L4-MS (70-30)
	0.04
	0.05
	0.2
	0.23
	0.16
	0.18
	1.57
	1.81
	OLS

	L4-MS (80-20)
	0.04
	0.06
	0.19
	0.25
	0.15
	0.19
	1.49
	1.92
	

	L3-MS (70-30)
	0.08
	0.09
	0.28
	0.31
	0.22
	0.24
	2.19
	2.34
	OLS

	L4-S3 (70-30)
	0.08
	0.11
	0.28
	0.33
	0.22
	0.25
	2.18
	2.46
	

	Modelled

	L4-S3 (70-30)
	0
	0
	0.07
	0.07
	0.05
	0.05
	0.51
	0.51
	OLS

	L4-S3 (80-20)
	0
	0
	0.07
	0.07
	0.05
	0.05
	0.51
	0.51
	

	L3-S3 (70-30)
	0
	0
	0.06
	0.07
	0.05
	0.05
	0.51
	0.53
	OLS

	L3-S3 (80-20)
	0
	0
	0.06
	0.07
	0.05
	0.05
	0.51
	0.52
	

	L4-MS (70-30)
	0.01
	0.01
	0.07
	0.08
	0.05
	0.06
	0.59
	0.63
	OLS

	L4-MS (80-20)
	0.01
	0.01
	0.07
	0.08
	0.05
	0.06
	0.6
	0.62
	

	L3-MS (70-30)
	0
	0
	0.07
	0.07
	0.05
	0.05
	0.58
	0.59
	OLS

	L4-S3 (70-30)
	0
	0
	0.07
	0.07
	0.05
	0.05
	0.58
	0.59
	


3.3 Model retrieving error assessment 
(i) Stacking-ensemble model(s): In the best-performing stacking-ensemble models with EPA datasets, an underestimation was found for 2016-2021 (e.g., L3-S3: -0.11 ± 1.36; L3-MS: -0.1 ± 2.13) and 2023 (e.g., L4-S3: -0.18 ± 3.3) datasets for both products (S3-OLCI and MS). Conversely, an overestimation was found in the EPA dataset for both products in 2022 (e.g., 0.42 ± 3.42 for L3-S3; 0.51 ± 3.44 for L4-MS). Additionally, a high SD was found in the EPA datasets, indicating high variability in model results. The comparison of EPA datasets in Fig. S10 is consistent with the variability found in PREI statistics in Table S15.
Further analysis with the modelled DOX concentration matchups shows consistent results compared to the EPA dataset on products. However, under- and overestimation bias was observed for the 2022 and 2023 datasets (Fig. S10). Furthermore, compared to the EPA dataset(s), a lower SD was found in modelled datasets PREI statistics (Table S15). This indicates the model’s high accuracy with modelled matchup datasets, because low SD indicates less variability and high reliability in datasets (Barde & Barde, 2012; Sandercock, 2024). 
Furthermore, in terms of the PBIAS result of the stacking-ensemble models, a consistent performance was found for both products with 2016-2021 datasets (Fig. S11). Conversely, a higher variability was found with increasing temporal resolution for both EPA (e.g., -0.06% for L4-MS: 2016-2021; 0.63% for L4-MS: 2022; 0.4% for L4-MS: 2023) and modelled (e.g., -0.01% for L3-MS: 2016-2021; -0.21% for L3-MS: 2022; -1.39% for L3-MS: 2023) datasets across products, indicating higher bias in the model performance.
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Fig. S10. Actual vs retrieved DOX concentrations difference at each monitoring/sampling site for the best-performing stacking-ensembles models. 
[image: ]
Fig. S11. Percentage of bias (PBIAS) between actual and retrieved DOX concentrations for various best-performing models. 



(ii) Equation Model(s): From Fig. S12, it can be seen that the products show a high variability with equation models, indicating inconsistency in the model performance for the EPA datasets. Similar to the previous models (supervised learning and stacking-ensemble model), a high SD was found in the EPA datasets (e.g., -0.06 ± 2.42 for L4-S3: 2016-2021, 0.51 ± 3.65 for L4-S3: 2022, and -0.47 ± 3.37 for L4-S3: 2023), indicating poor accuracy of models (Table S15). Further analysis with the modelled matchup DOX showed fewer errors in the products compared to the EPA datasets (Fig. S12). However, a higher variability was found with increasing temporal resolution in the products. It should be noted that compared to the EPA datasets, the modelled data showed less variability in the products (in terms of SD and range) (Table S15).
Moreover, Fig. S11 shows that the PBIAS for products is very close to zero (e.g., 0% for L4-MS: EPA; 0.002% for L4-S3: modelled) with the 2016-2021 datasets, indicating high accuracy. However, with increasing temporal resolution, higher negative or/and positive biases are observed in the EPA (e.g., 0.394% for L3-MS: 2022) and modelled (e.g., -0.057% for L4-S3: 2022) datasets, indicating a notable change in performance over time (Fig. S11).
[image: ]
Fig. S12. Actual vs retrieved DOX concentrations difference at each monitoring/sampling site for the best-performing equation models. 
(iii) Voting-based ensemble Model(s): Fig. S13 shows that, similar to the previous models (supervised, stacking-ensembles, and equation model), the best-performing voting-based ensemble model with EPA datasets across products shows both overestimation (e.g., 0.89 ± 3.55 for L4-S3: 2022) and underestimation (e.g., -1.38 ± 4.28 for L3-MS: 2023). Additionally, compared to the modelled datasets for both products, the EPA datasets show higher variability with increasing temporal resolution, indicating poor performance of the models (Table S15). 
In contrast, modelled data show lower errors for both products. However, similar to the EPA datasets, a higher variability was found with increasing temporal resolution (e.g., 0.01 ± 0.19% for L4-MS: 2016-2021; -0.15 ± 1.24% for L4-MS: 2022; -1.69 ± 1.16% for L4-MS: 2023), indicating inconsistency in model performance. The comparison of the modelled datasets in Fig. 13 is consistent with the variability found in PREI statistics in Table S15. 
Further analysis with PBIAS shows a stable performance for both products with 2016-2021 datasets, indicating good performance of the models. However, with an increasing timespan, a higher bias was found in the 2022 and 2023 datasets compared to the 2016-2021 datasets across products, indicating poor model performance with independent datasets (Fig. S11).
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Fig. S13. Actual vs retrieved DOX concentrations difference at each monitoring/sampling site for best performing voting-based ensemble models. 
(iv) Statistical Model(s): The statistical models (Fig. S14) followed the same trend as previous models (supervised, stacking-ensemble, voting-based ensemble, and equation) that were utilized in this study, such as overestimation (e.g., 0.86 ± 3.79 for L4-S3: 2022), underestimation (e.g., -0.09 ± 2.41 for L4-S3: 2016-2021), and high SD (e.g., 0.43 ± 3.39 for L4-MS: 2022; -0.32 ± 3.24 for L4-MS: 2023) with EPA datasets compared to modelled datasets (Table S15). Additionally, the products showed a higher variability with increasing temporal resolution (e.g., -0.08 ± 2.45 for L3-S3: 2016-2021; 0.54 ± 3.64 for L3-S3: 2022; -0.52 ± 3.26 for L3-S3: 2023). All these results point to inconsistencies in the performance of the models. Further analysis of the PBIAS reveals a similar trend to the previous model, with higher bias in the retrieved DOX concentrations (Fig. S11).
[image: ]
Fig. S14. Actual vs retrieved DOX concentrations difference at each monitoring/sampling site for the best-performing statistical models. 





Table S15. Statistical summary of PREI statistics (here L denotes as ‘Level’; S3 = Sentinel 3 OLCI and MS = Multi sensors; SD = Standard deviation)
	Dataset
	EPA-DOX
	Modelled-DOX

	
	L4-S3
	L3-S3
	L4-MS
	L3-MS
	L4-S3
	L3-S3
	L4-MS
	L3-MS

	Statistics
	2016-2021
	2022
	2023
	2016-2021
	2022
	2023
	2016-2021
	2022
	2023
	2016-2021
	2022
	2023
	2016-2021
	2022
	2023
	2016-2021
	2022
	2023
	2016-2021
	2022
	2023
	2016-2021
	2022
	2023

	Supervised learning model

	Mean
	0.00
	0.67
	-0.48
	-0.11
	0.35
	-0.35
	-0.16
	0.11
	-0.44
	0.000
	0.59
	-1.51
	-0.01
	-0.39
	-1.39
	0.00
	-0.24
	-1.30
	0.01
	-0.12
	-1.76
	0.00
	-0.24
	-1.43

	SD
	1.46
	3.90
	3.51
	1.39
	3.43
	3.28
	1.28
	5.88
	4.02
	1.83
	4.04
	4.25
	0.26
	1.01
	1.04
	0.26
	1.11
	1.10
	0.16
	1.23
	1.17
	0.10
	1.10
	1.09

	Min
	-8.69
	-9.96
	-10.21
	-5.18
	-7.69
	-7.52
	-5.66
	-36.58
	-14.65
	-6.88
	-9.77
	-12.25
	-2.41
	-4.41
	-4.69
	-2.95
	-2.76
	-4.97
	-2.01
	-3.62
	-5.36
	-1.65
	-3.31
	-3.63

	Max
	10.75
	13.74
	7.91
	7.51
	10.49
	8.53
	5.49
	16.79
	8.33
	8.21
	12.43
	7.91
	3.47
	7.04
	5.37
	3.27
	8.19
	5.22
	4.26
	7.34
	3.27
	1.70
	6.42
	4.62

	Stacking ensemble model

	Mean
	0.13
	0.90
	-0.18
	-0.11
	0.42
	-0.40
	-0.10
	0.51
	0.29
	-0.10
	0.39
	-1.73
	0.00
	-0.28
	-1.30
	0.00
	-0.26
	-1.30
	-0.01
	-0.11
	-1.73
	-0.01
	-0.23
	-1.40

	SD
	1.25
	3.52
	3.30
	1.36
	3.42
	3.23
	1.72
	3.44
	3.22
	2.13
	4.65
	4.40
	0.28
	1.12
	1.13
	0.27
	1.11
	1.11
	0.14
	1.27
	1.22
	0.09
	1.17
	1.17

	Min
	-4.89
	-8.30
	-6.96
	-5.23
	-8.09
	-6.95
	-4.86
	-6.77
	-10.21
	-6.99
	-10.53
	-11.49
	-2.05
	-3.39
	-4.70
	-2.53
	-3.09
	-5.40
	-3.17
	-4.88
	-5.72
	-1.26
	-3.39
	-3.80

	Max
	4.88
	11.32
	8.79
	7.54
	10.27
	8.41
	4.66
	11.87
	7.46
	7.44
	16.32
	7.25
	3.63
	7.94
	5.51
	2.85
	8.45
	5.33
	1.90
	6.65
	4.34
	0.95
	7.41
	5.62

	Equation model

	Mean
	-0.06
	0.51
	-0.47
	-0.06
	0.41
	-0.40
	-0.04
	0.46
	-0.28
	-0.07
	0.22
	-1.74
	0.00
	-0.07
	-0.96
	-0.01
	-0.15
	-1.10
	0.00
	-0.22
	-1.41
	-0.01
	-0.24
	-1.43

	SD
	2.42
	3.65
	3.37
	2.45
	3.53
	3.20
	2.03
	3.47
	3.20
	2.63
	4.13
	4.28
	0.75
	1.13
	1.02
	0.77
	1.12
	1.04
	0.79
	1.07
	1.08
	0.76
	1.00
	0.98

	Min
	-6.45
	-7.13
	-7.93
	-6.56
	-7.46
	-7.71
	-5.84
	-5.71
	-10.51
	-7.29
	-9.01
	-11.78
	-3.84
	-3.72
	-4.81
	-4.08
	-4.07
	-7.79
	-3.66
	-2.93
	-4.06
	-2.69
	-2.41
	-3.37

	Max
	7.02
	10.85
	8.00
	7.18
	10.57
	7.61
	4.24
	11.28
	6.59
	7.71
	12.41
	6.55
	4.41
	9.02
	6.12
	4.63
	7.82
	5.11
	3.84
	5.93
	7.93
	4.13
	6.72
	3.74

	Voting-based ensemble model

	Mean
	-0.01
	0.89
	-0.21
	-0.10
	0.49
	-0.39
	-0.08
	0.57
	0.46
	-0.05
	0.32
	-1.38
	0.01
	-0.25
	-1.29
	0.01
	-0.23
	-1.28
	0.01
	-0.15
	-1.69
	0.01
	-0.20
	-1.38

	SD
	1.27
	3.55
	3.39
	1.56
	3.40
	3.28
	1.71
	3.55
	3.39
	2.31
	4.18
	4.28
	0.36
	1.13
	1.14
	0.35
	1.14
	1.13
	0.19
	1.24
	1.16
	0.14
	1.15
	1.14

	Min
	-5.11
	-8.45
	-7.29
	-5.34
	-7.81
	-6.71
	-5.82
	-6.65
	-11.13
	-7.33
	-8.53
	-10.98
	-2.44
	-3.22
	-3.93
	-2.33
	-2.84
	-4.81
	-2.04
	-3.58
	-5.54
	-1.42
	-3.41
	-3.77

	Max
	5.62
	12.41
	8.89
	7.16
	10.73
	7.06
	4.98
	11.91
	7.67
	8.25
	12.21
	7.77
	3.37
	8.01
	5.12
	3.60
	8.31
	5.30
	3.53
	7.65
	3.50
	1.68
	6.87
	5.12

	Statistical model

	Mean
	-0.09
	0.86
	-0.40
	-0.08
	0.54
	-0.52
	-0.05
	0.43
	-0.32
	-0.15
	0.76
	-1.07
	0.01
	-0.31
	-1.18
	0.00
	-0.32
	-1.31
	0.00
	-0.33
	-1.40
	0.00
	-0.34
	-1.50

	SD
	2.41
	3.79
	3.33
	2.45
	3.64
	3.26
	2.05
	3.39
	3.24
	2.87
	4.15
	4.33
	0.73
	1.15
	1.09
	0.72
	1.20
	1.17
	0.81
	1.07
	0.96
	0.76
	1.03
	0.96

	Min
	-6.84
	-9.04
	-11.02
	-6.59
	-6.92
	-8.41
	-6.12
	-6.40
	-10.36
	-7.76
	-8.80
	-10.67
	-4.34
	-6.16
	-4.89
	-4.30
	-5.20
	-5.71
	-4.04
	-3.48
	-3.27
	-3.33
	-2.70
	-3.31

	Max
	7.96
	11.46
	7.64
	7.76
	11.34
	8.44
	4.17
	11.23
	6.46
	7.28
	13.72
	7.26
	4.27
	8.63
	6.40
	3.93
	8.05
	6.72
	3.65
	6.07
	3.77
	4.44
	14.57
	14.23
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Fig. S15. Relationship between actual and retrieved DOX concentrations for various models for the period of 2023 during validation. 
[image: A graph of a function

AI-generated content may be incorrect.]
Fig. S16. PDF and CDF plots of S3-L3 (Sentinel 3 OLCI – Level 3) bands and EPA-DOX data for the years 2016-2021, 2022 and 2023.
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Fig. S17. PDF and CDF plots of S3-L3 (Sentinel 3 OLCI – Level 3) bands and modelled-DOX data for the years 2016-2021, 2022 and 2023.
[image: A group of graphs showing different colored lines

AI-generated content may be incorrect.]
Fig. S18. PDF and CDF plots of MS-L3 (Multi-sensor Level 3) bands and EPA-DOX data 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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Fig. S19. PDF and CDF plots of MS-L3 (Multi-sensor Level 3) bands and modelled-DOX data for the years 2016-2021, 2022 and 2023.
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Fig. S20. PDF and CDF plots of S3-L4 (Sentinel 3 OLCI – Level 4) bands and EPA-DOX data 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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Fig. S21. PDF and CDF plots of S3-L4 (Sentinel 3 OLCI – Level 4) bands and modelled-DOX data for the years 2016-2021, 2022 and 2023.
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Fig. S22. PDF and CDF plots of MS-L4 (Multi-sensor Level 4) bands and EPA-DOX data for the years 2016-2021, 2022 and 2023.
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Fig. S23. PDF and CDF plots of MS-L4 (Multi-sensor Level 4) bands and modelled-DOX data for the years 2016-2021, 2022 and 2023.
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Fig. S24. Correlation between various bands (Rhow) for S3-OLCI products.

Fig. S25. Correlation between various bands (Rhow) for MS products.
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